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The requirement for affordable, secure and sustainable energy production is a pressing global
challenge and the production of electricity with low carbon emissions is crucial. This usually
entails large quantities of renewable energy generation, which is intermittent and often highly
distributed throughout the electricity supply system. One of the proposed schemes to manage
such generation is the smart grid, the transition to which forms the context for this research.
The aim is to investigate the effect of certain psychological and social influences on the adop-
tion of technology necessary to enable smart grids, in order to understand the implications for
effective energy policy. In particular, the case of photovoltaic (PV) system adoption in the UK is
studied.
Empirical data detailing PV installations registered for the Feed in Tariff is analysed in order
to understand rates of adoption and how they vary across both time and space. This analysis
is combined with a review of policy intervention and literature from psychology to understand
drivers for adoption among householders. The results from this study are then used to inform
the design of an Agent Based Model of technology adoption within the smart grid context. The
decisionmaking of householders ismodelled using an algorithm based on Social Cognitive The-
ory. Themodel is used to simulate different conditions and generate adoption scenarios in order
to understand the potential effects of different parameters on adoption rates.
In order to combine the analysis resulting from these methods, the multi-level perspective
on transition in socio-technical systems is used to understand how a transition to a smart grid
could be described and how adoption of PV in the UK under the Feed in Tariff incentive fits into
such a transition.
The results show that whilst economic incentive policies have had success in some areas
adoption is also dependent on many non-financial parameters. Simulations show that the ob-
servability of adoption and the perceived inconvenience or urgency of adoption can have dra-
matic effects on rates of adoption, in some cases outweighing the rational economic effects of
financial incentives.
The implication for smart grid related policy is that non-financial factors should be taken into
account as well as the more typical financial considerations in efforts to encourage adoption of
necessary enabling technology by householders. Themodels developed could be used in further
work to examine in detail adoption of other technologies such as smart home energy manage-
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This thesisdescribes research into the representationandeffectofhuman learningandbehaviour
in an Agent-Based Model (ABM) of low-carbon technology adoption. The focus is on domestic
actors in the UK and the context is the potential transition to a smart grid. Smart Grid as a con-
cept describes an electricity network that can intelligently balance supply and demand in order
to efficiently deliver sustainable low carbon, economic and secure electricity supplies. Accord-
ingly, a smart grid will offer all users of the network access to real time data describing their us-
age and, potentially, information about the electricity market that was previously the preserve
of large corporate players. In turn, to benefit from a smart grid, users will need to process and
respond to that information to some degree, either manually or using smart technology. The
nature of this response is far from trivial and will depend on the behaviour of both consumers
and their installed technology as the electricity market is brought into the home and workplace.
In turn, that behaviour is subject to complex phenomena such as attitude, habit, social influ-
ence and learning. A radical change is envisaged, to a system where all users employ a dynamic
consumption strategy either directly or through an intelligent automated device often coupled
with local microgeneration. To understand this change, a powerful modelling approach which
can describe the behaviour and learning of actors and resulting emergent system behaviour is
necessary.
The research was carried out as part of the CASCADE project, which had wider aims to de-
velop an ABM framework to enable modelling of various aspects of a potential UK smart grid.
CASCADEmodels the smart grid as a systemcomprising thephysical layer (infrastructure), along
with individual, collective (corporate, regulatory, community) and automated (software) agents
and their associated networks (economic, information transmission and social). The PhD re-
search described contributed toward the project as significant amounts of the framework were
designed and implemented by the author.
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However, the model described in this thesis and implemented within the framework was the
sole work of the author. Where generic framework features are described, these are clearly at-
tributed to previously published work and where the author’s work has been contributed to the
framework this is similarly highlighted in the text. The framework is open source andavailable for
inspection at any time (www.github.com/rsnape/cascade); all contributed code is taggedwith its
authors’ unique identifier.
Publications containing substantial contributions based on the work undertaken in this the-
sis are presented in Appendix A. The remainder of this introduction describes the context in
which the study is undertaken and the motivation for the research in more detail, concluding
with the specific aim of the research described and an outline of the thesis structure.
1.1 The global context - Energy and Climate Change
Energy for heating is a basic human need and in most countries the provision of energy has be-
come a requirement of government. In many countries, the right to consume energy is now as-
sumed formany purposes beyond basic survival needs, whether at home or work. Long distance
travel, cooking, refrigeration, lighting, watching TV and myriad other energy intensive activities
are now an integral part of many people’s life. Energy is predominantly consumed by end users
as electricity, natural gas for space heating and cooking, or oil as transport fuel.
Increasing population coupledwith increases in global wealth and energy using devices have
led to growth in the amount of energy used on the planet at an increasing rate (Fouquet and
Pearson, 2012). The growth in demand has been particularly pronounced since circa 1940. Per
capita consumption remained approximately constant between 1990 and 2000, but appears to
be rapidly increasing once again. Throughout the 20th century, energy for electricity, heat and
transport was provided largely by fossil fuels and, despite the increase in nuclear and renewable
sources in recent decades, around 90% of energy needs are still met from fossil fuels as the pri-
mary fuel (Figure 1.1).
Unfortunately, the use of fossil fuels to satisfy the growth in energy demand has entailed the
emission of Carbon Dioxide (CO2). The emission of CO2, and more generally the Greenhouse
Gases, contribute to changing the Earth’s climate. It is now widely accepted that the present
levels of anthropogenic CO2 emission will contribute to climate change. The International Panel
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Figure 1.1:World energy consumption, total and per capita
Source: (Oil Drum, 2012)
on Climate Change (IPCC) conducts a regular wide ranging review of the scientific literature, the
most recent of which found that “warming of the climate system is unequivocal” and that:
“Human influence on the climate system is clear. This is evident from the increasing green-
house gas concentrations in the atmosphere, positive radiative forcing, observed warming, and
understanding of the climate system.”
Source: (IPCC, 2013)
The exact sensitivity and response of the climate to anthropogenic emissions is still under
investigationandestimatesof expectedwarmingand theuncertainty in thesepredictions remain
an open area of research (Skeie et al., 2014). In turn, the consequences of climate change are
contested, but it is widely thought that climate change may have a deleterious effects on large
segments of the Earth’s population (IPCC, 2014). The need to mitigate climate change is seen as
one of the largest challenges facing humanity today.
1.2 The energy trilemma
The use of the term trilemma has become common to describe the competing pressures on gov-
ernments to meet climate change obligations in combination with the long-standing need to
maintain energy security and keep retail prices as low as possible in the face of rising wholesale
energy prices (e.g. Boston, 2013; Foxon, 2013).
A strategy must be devised to ensure that future sustainable energy systems deliver energy
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Figure 1.2: The energy trilemma illustrating the objectives that a sustainable energy system
must meet.
Source: after (Boston, 2013)
that satisfies a balance of the following requirements.
1. Secure – energy is available when needed
2. Economic – energy is provided at the affordable cost
3. Environmental – energy supply must reduce CO2 emissions
This is usually presented as a triangle of competing objectives, with sustainable solutions sitting
as close to the centre as possible (Figure 1.2). Investigation of how the UK could move toward
a sustainable energy system balancing the needs of the trilemma forms the primary motivation
for this study.
1.3 Policy response – decarbonisation
The conclusions of the IPCC and the problems associated with climate change have been recog-
nised and broadly accepted by governments worldwide. There are twomain options to respond
to climate change:
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1. Mitigation – make changes to avert climate change by reducing GHG, mainly CO2
2. Adaptation – accept the changes in climate due to anthropogenic emissions and put in
place policies to adapt to its consequences.
Focus is usually on mitigation to avert the worst potential climate changes, although there are
calls from economists to consider whether adaptation would be a more cost effective way to re-
spond. Policies to address climate change have permeated all levels of governance, from the
global UN Kyoto protocol, through continent-wide measures (e.g. EU directives) to national,
sub-national and corporate strategies, policies and plans. This landscape of policy measures is
detailed in Chapter 3.
In the UK, the government has made legally binding commitments to reduce CO2 emissions
to 80% of 1990 levels by 2050 (UK Parliament, 2008a). The magnitude of change needed in en-
ergy systems in order to achieve these aims has been articulated by the Chief Scientific Adviser to
DECC (MacKay, 2008). From large corporations and central government to local councils and in-
dividuals, people aremaking efforts to introducewide ranging changes to reduce CO2 emissions,
in an endeavour to meet these targets and avoid or limit potential negative consequences of cli-
mate change. Measures taken include interventions intended to promote the use of technologies
that are designed to reduce emissions as well as to change the behaviour of individuals, commu-
nities or corporations. Such interventions range from advice, through practical assistance and
incentivisation to regulation and lawmaking.
1.4 Changes to the UK electricity supply system
This study focuses on the UK electricity network. In the UK, electricity generation is a major
contributor to CO2 emissions, contributing 27% of total UK emissions in 2009 (DECC, 2010a). In
order to meet CO2 reduction targets the UK government strategies place a heavy emphasis on
moving toward the use of electricity as the primary energy source for transportation and heating
(Ofgem, 2008). This plan is based onmoving from carbon intensive heating (via natural gas) and
transportation (conventional fuels) to electricity because it is more feasible to decarbonise. The
strategy therefore relies on the electricity being generated using low carbon sources.
Low carbon generation includes nuclear power stations and renewable generators, such as
wind turbines, solar photovoltaic panels, hydroelectric generators and others. Some low car-
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bon generation is already connected to the grid, but almost all strategies for decarbonisation of
electricity supply envision a far greater number of renewable electricity generators on the grid,
whether such generators are at large scale or small.
The increase in renewable generation presents issues for the electricity supply system:
1. Decreased predictability - Large scale generation will no longer be highly predictable or
available for dispatch at any time, for instance large wind farms provide electricity when
the wind blows, which does not necessarily coincide with when it is needed. Such inter-
mittency is present in renewable generation at all scales.
2. Decreased central control - The ability to switch individual generators on or off to meet
demand and stability criteria will be lessened in a grid with many small generators dis-
tributed around the network.
3. Change in function of lower voltage (distribution) network - smaller and medium scale
generators are connected to the local lower voltage cables (known as the distribution net-
work) rather than the very high voltage transmission network as currently. As more and
more consumers install small renewable generators, power flowswill becomebidirectional
where they have traditionally beenunidirectional – as (at somepoints in time at least)more
electricity is generated than consumed by certain buildings.
The move to electrical heating and transportation similarly poses challenges:
1. Overall demand increase – This is projected to increase to levels 2.5 to 3 times greater
than today (Winser, 2010) Dealing with this using business as usual methods (installing
more cables) could cost up to £36 billion (Pudjianto et al., 2013).
2. Change in demand pattern – heating and car charging loads are likely to change the well
known patterns of demand as they consume electricity at different times of day (for in-
stance overnight).
The strategy of utilising electricity generation which is both less predictable and distributed
throughout the network implies a change in theway that the grid is used andmanaged if security
of supply is to be maintained. An increase in overall demand and potential changes to demand
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patterns and peak imply that the electricity grid must increase its capacity or utilise existing ca-
pacity more efficiently. Thus, in order to meet the targets for decarbonisation without getting
caught on the security and cost horns of the trilemma, a new way to manage energy generation
and consumption is required. One concept proposed to perform suchmanagement is the Smart
Grid; this research aims to investigate how human behaviourmay affect the transition to a smart
grid.
In order to understand these issues and the potential smart grid solution that this research
explores, a brief history and description of the network and changes envisaged is given in the
following sections.
1.4.1 Historical evolution
The electricity network rapidly grew from a number of disjoint areas with local electricity provi-
sion in the 1930s to the National Grid of today, with almost all households in the UK connected
to a nationwide network which supplies electricity on demand. Between 1933 and 1990, the net-
work evolvedunder centralised conditions, where largepower stationswere ownedandoperated
by the state via the Central Electricity Generating Board (CEGB) and generated electricity suffi-
cient for many millions of homes connected to the grid. Power flowed from generators through
a complicated network to be consumed at the far reaches of the network. Although the cen-
tral authority was broken up in 1990 and economic competition was introduced, the physically
centralised and hierarchical design of the grid remains and a central System Operator (National
Grid plc) is still responsible for the dispatch of generators in order to maintain grid supply equal
to demand (balance) and therefore voltage and frequency stability. The flow of power is essen-
tially unidirectional (from large generator through numerous transformers to end use) and the
existing grid is designed and constructed to optimise the flow from large generators at very high
voltage (through the transmission grid) via various lower voltage levels (the distribution grid) to
the low voltage domestic supply (Figure 1.3). The quantity and timing of generation is led by
demand.
Since 1990, the amount of renewable generation on the grid has increased. Typically, renew-
able generators (including rather large wind farms) are connected to the distribution grid (lower
voltage e.g. < = 33kV) rather than the transmissionnetwork (Figure 1.4). Generators connected in
this way are termed embedded generators. Larger installations are given dedicated connections
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ratedby theDistributionNetworkOperators (DNOs) to copewith thenew loadon the grid, whilst
domestic and small commercial installations usually connect to the existing grid infrastructure.
Until very recently the embedded generators presented little challenge to the DNOs as, even
in optimal weather conditions, the electricity they generatedwas far exceeded by the demand on
any particular cable. Similarly, there has been very little use of electric vehicles or heat pumps af-
fecting demand. Thus, the assumptions of well known, reasonably predictable demand and uni-
directional flowhave remainedvalid. With the advent of policies topromote large scale adoption,
as well as those proposing vastly increased demand via electrical heating and transport, this as-
sumption is likely to change. It is this change that the research described investigates.
1.4.2 Future direction – toward a smart grid
The fundamental visionmotivating interest in smart grids is that enhanced real-time information
can be used to influence demand to match supply in addition to the present operating method
where supply is adjusted to meet demand. Such matching of demand to supply is new and may
be done at many scales, from within a building, to a community to a wide geographic area. In
theUK, it is proposed that using a smart grid to deal with increased loadsmight save up to £25bn
compared to the £36bn "business as usual" cost of simply reinforcing the grid to cope with the
much higher demands and peak supplies created by intermittent renewable generators (Pud-
jianto et al., 2013). Smart Grid is a relatively new concept and there are a number of definitions
of both the term and pathways to its implementation. This research was based upon the defini-
tion of the European Technology Platform, which describes smart grids as:
‘Electricity networks that can intelligently integrate the behaviour and actions of all users con-
nected to it - generators, consumers and those that do both – in order to efficiently deliver sustain-
able, economic and secure electricity supplies.”
Source: (ETP, 2006)
It is crucial to note that by this definition, the participatory behaviour of all consumers and
generators is considered a part of a smart grid, as well as the technical infrastructure itself. The
vision is that someerstwhile consumerswill becomebothconsumers andproducers of electricity
and these are often termed prosumers (after Toffler, 1981). This implies a requirement that all
users of the network provide near real time information about consumption and generation, as
well as processing and responding to near real time information sent to them by grid operators
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Figure 1.3: Schematic diagram of UK electricity grid hierarchy before addition of renewable
generation (e.g circa 1980). 33kV and lower voltage cables are termed the distribution grid (dark
green) whilst higher voltage (132kV+) are termed the transmission grid (yellow).
Source: (MBizon, 2010), CC-BY license, with alterations by Snape
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Figure 1.4: Schematic of hierarchical electricity grid with renewable generation circa 2010.
Note the recent addition of wind and solar farms at the 110 or 32 kV levels (green highlighted
background) as compared to Figure 1.3.
Source: (MBizon, 2010), CC-BY license, with alterations by Snape
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or suppliers. This new role and its implication for methods used when modelling the grid are
discussed in more detail in the model design section (6.5). The main implication is that models
characterising end users as pure, predictable loads are inadequate; load will be influenced by
human behaviour with regard to both device ownership and operation to a greater degree than
today. This is an important part of the approach taken in this research – technical and social
elements of the Smart Grid concept are studied in tandem.
An illustration of how this vision might change the grid from the one way flows implicit in
Figure 1.4 is shown in Figure 1.5. All the essential differences considered are present, with large
scale renewable generation, small distributed renewable generation (also referred to as micro-
generation), electric vehicles and heating and potential two way energy flows. In addition, com-
munications networks are present to provide real-time or near-real time information both from
consumers to suppliers and vice-versa. The contrasts between existing infrastructure and future


























































1.4.3 Describing the system
In order to assist in describing the system under consideration, the term electricity supply system
will be used. It is used to describe the entire means by which electricity is provided to its point
of use, encompassing technical (e.g. generators, machines at point of use, the National Grid),
economic (e.g. wholesalemarkets, retail contracts), socio-demographic (e.g who uses what, why
and where) and political & regulatory elements.
It is usual to include end users within the system boundary in energy systems models: the
Global Energy Assessment states:
“The energy system comprises all components related to the production, conversion, and use of
energy.”
Source: (Grubler et al., 2012)
Such definitions of systemmay be criticised as they are generally open systems, however the
working term electricity supply system is consistent with definitions of energy systems within
the literature (Pfenninger et al., 2014).
Table 1.1: Comparison of the characteristics of conventional and smart grids
Source: Rylatt et al. (2015, Table 1)
Existing infrastructure Smart grid
Central generation Distributed and central generation
Mainly dispatchable generation Large proportion of poorly dispatchable gen-
eration
Passive consumers Active consumption, with quantity con-
sumed changing in response to context, in-
cluding a mix of automatic and manual con-
trol which requires behaviour change
Basic meters providing total consumption
with readings taken at billing intervals (typi-
cally three monthly)
Smart meters providing near real time con-
sumption information
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Existing infrastructure Smart grid
Little dispatchability of demand Dispatchable demand (Demand Side Re-
sponse / Active Demand): distributed control
Largely passive physical networks Active networks (with communication), for
example automatic tap-changing on trans-
formers to stabilise voltage
Hierarchical uni-directional power flow from
central generator to distributed consumers
Bi-directional power and data flows
High redundancy (extra cost) Intelligent use of assets (cost savings) de-
ployment of minimum assets based on so-
phisticated analysis of failure risk. Self re-
configuring / healing networks.
Vertically integrated Utility companies Multiple supply business models including
ESCos, MuSCos, etc.
1.4.4 Transition to a smart grid
The broad UK pathway to achieve a smart grid is set out in the Energy Networks Strategy Group
routemap (ENSG, 2010). This document describes roll-out of smart metering infrastructure be-
tween 2010 and 2020 and “well targeted [smart grid] pilot projects between 2010 and 2015”, with
widespread penetration of electrified transport, electrified heating and distributed generation
from 2020 onwards. Unfortunately detail is limited. Although widespread penetration of tech-
nology dealing with relatively large quanta of electricity is envisaged, there is considerable un-
certainty as to the final configuration of the smart grid, its effects on grid usage and the transition
from today’s grid to that configuration. Understanding the scenarios, or pathways, of transition
to a smart grid under different incentives, regulations and policies is of paramount importance.
In addition to the final changes in both behaviour and technology, the phasing or order in
which transitions occur will have a great impact on the system and its evolution. For instance, if
large scale electric vehicle adoption is incentivised and occurs before significant smart control
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infrastructure is deployed, the peak loads as everyone charges their vehicles could impose great
stress on the electricity grid and lead either to failure, or costly reinforcement.
The drivers of changes in behaviour and technology adoptionmay be government policy, of-
ten in combination with economic motivation. However, for such changes to materialise, they
must be adopted by citizens. Individual decisions to change are the result of behaviour influ-
encedbymarkets, advertising, significant political lobbies and individual consumerperceptions,
beliefs and norms. Given the manifold interventions being made to complex systems of energy
consumption, it would be extremely valuable to be able to model their effects. Such a model
could incorporate different assumptions regarding the above factors when designing policy and
regulation, in a structured simulation framework. Themodel could aid the description and eval-
uation of scenarios with and without given interventions and would assist in selection of appro-
priate interventions and implementation strategies.
A powerfulmodelling approachwhich can describe the behaviour and learning of actors and
resulting emergent system behaviour is necessary. A promising technique to model such com-
plex adaptive systems and interventions affecting them is ABM, which is particularly suitable
when modelling scenarios where interaction between actors is important and those actors dis-
play heterogeneity in variables of interest. ABM is used in this study and is described in more
detail in Section 2.6 and Chapter 5.
1.5 Aims and objectives: Domestic actors’ role in the transi-
tion to smart grid
This thesis argues that representing human learning and behaviour in a model describing the
transition toward a smart grid can greatly aid understanding of such a transition and therefore
policymaking designed to effect it. Section 1.4.4 describes theway inwhich such a transitionwill
require widespread penetration of new technology and energy consumption practice. That pen-
etration requires users of the network to adopt these technologies and practices. This research
concentrates on that adoption, specifically in a domestic context. The aim of the investigation is
to answer the following question:
“What effect does the behaviour and learning of domestic consumers with respect to technology
adoption have on potential transition to a smart grid?”
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In order to consider this question from an empirical as well as theoretical point of view, it was
necessary to select a particular technology, integral to proposed smart grids, for which adop-
tion could be considered in depth. The technology selected was photovoltaic (PV) systems. The
reasons for this were fourfold:
1. Distributed renewable electricity generation technology is a group of technologies that
forms an integral part of smart grid visions.
2. Adoption of PV in a domestic context is themost well advanced technology adoption in the
smart grid context.
3. Explicit policy has been adopted in theUK to encourage PV adoption (among other renew-
able technologies) – the UK Feed-in Tariff (FiT) (UK Parliament, 2008b) and subsequent
alterations to it (UK Parliament, 2011). This allows for analysis of the effect of policy on
adoption.
4. Data on the temporal and spatial distribution of adoption is openly available.
1.5.1 Objectives
To structure the research, the overall aim was broken down into eight subsidiary objectives:
1. Determine an appropriate theoretical perspective fromwhich to study potential transition
to a smart grid. Whilst the overall context for the study is the transition to a smart grid and
the research does not seek to critique the concept or desirability of the smart grid in itself, it
is necessary to define a theoretical position fromwhich a transition (or potential transition)
may be analysed.
2. Determine the most important behaviours at a domestic level in terms of affecting transi-
tion to a smart grid.
3. Investigate the strengths and limitations of ABM as a technique to model the smart grid
transition in the context of other possible methods, including considerations of scale in
time and space alongside the potential to model human behaviours.
4. Select an appropriate behavioural model as the basis for agent behaviour in the ABM
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5. Utilise existing secondary data sources to understand spatial and temporal characteristics
of adoption in the target system and determine appropriate model scale.
6. Implement anABMwith the capability tomodel observedpatternof domestic photovoltaic
(PV) adoption in the UK.
7. Model influence of important psychological and sociological characteristics on PV adop-
tion behaviour.
8. AnalysePVmodel results combinedwithpolicy and realworlddata tounderstandpotential
effects of policy on transition to a smart grid.
The PV case study demonstrates the benefits of socio-technical simulation in understanding
potential transitions to a smart grid, the advantages of the approach taken and the complexity of
the system dynamics influencing the transition. The effect of rate and phasing of adoption with
respect to smart behaviour of the grid is then discussed.
1.6 Thesis structure
The thesis is structured as follows, addressing the objectives described above. Chapter 2 presents
the theoretical perspective adopted for the study, the reasons for choosing that perspective and
the influence it has on methodological choices. Chapter 3 contains a review of the policy con-
text for the study undertaken. Chapter 4 presents a literature reviewof previous studies analysing
lowcarbon transitions. Particular focus is given to those studies involving adoptionof lowcarbon
electrical technologies, including electric vehicles (EVs), distributed generation andheat pumps.
In addition, literature on reaction of domestic actors to smart information and small scale smart
grid trials is reviewed. Chapter 5 presents a detailed literature review of modelling work using
ABM techniques in the electricity sector. In particular, the behavioural and learning algorithms
implemented in suchmodels is critically evaluated. Chapter 6 describes themodel developed as
part of this thesis in detail, which forms the substantivemethod of research. Chapter 7 describes
the case study of domestic PV adoption, including data analysis of existing data on adoption of
domestic micro-generation in response to the FiT, which was used for model parameterisation
and to inform the discussion of model results’ applicability in a wider context. In Chapter 8, the
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model runs and results are described. Chapter 9 contains an analysis and discussion of the re-
sults of model runs. The model results are analysed in combination with the observed adoption
based on government data and the implications for policy development and ultimately potential
evolutions of the electricity supply system. Finally, Chapter 10 presents the conclusions of the
thesis, suggests their implications for policy and strategy with regard to any smart grid imple-




Theoretical frame: Perspective on the
transition to a smart grid
As set out in the introduction, this study is aimed toward understanding the role of domestic ac-
tors as part of the much larger, complex, electricity supply system during a period of change to
a low-carbon smart grid. The primary means of doing so will be a data analysis and modelling
exercise to capture relevant elements of human behaviour and their effect on the system. How-
ever, in order to draw qualitative conclusions from the quantitative results of the data analysis
and modelling exercise, it is necessary to have a theoretical frame describing the whole system
withinwhich themodel target sub-systemplays apart. This short chapter outlines the theoretical
framewithin which themodelling was undertaken and the form of conclusions that it facilitates.
2.1 Multidisciplinarity
The aims and objectives of the research presented have necessitated a multi-disciplinary ap-
proach, as a highly discipline-specific perspectivemight fail to capture the changes inwhole sys-
tembehaviour. This approachhas entailed a study of literature encompassing elements fromen-
gineering, simulation modelling, psychology, sociology, economics, policy and Science & Tech-
nology Studies (STS). The theoretical framework presented in this chapter outlines the way in
which these multiple disciplines have been woven together in order to conduct a study which
could achieve the aim of creating a simulation model which gives insight into the effect of hu-
man behaviour on the adoption of technology in potential transition to a smart grid, while being
relevant to current policy.
This approach to the research presented has necessitated a somewhat longer than usual sec-
tion on antecedent work and literature review. However, the combination of these literatures is
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novel and requires exposition.
2.2 Complex adaptive social system
The electricity system might intuitively be described as complex. In this study the term is used
with a more restrictive notion of what is meant by complexity, as used in the field of complexity
science. Complexity and complex systems do not have a single unified definition. More usually,
a series of examples is used to illustrate behaviour which can be considered complex, making
it difficult to make an objective way to identify or measure complexity per se. Miller and Page
(2007) illustrate the fact that the lack of unified definition need not hold back investigation of
complex systems, by analogy with architecture where a lack of common definition of architec-
tural beauty has not held back architecture as a whole. A general characteristic is that a complex
system consists of elements which interact and through those interactions complex system be-
haviour results even when the elements behave according to simple rules.
Properties of such systems and their behaviour have been the subject of study in the relatively
young discipline known as Complexity Science (see e.g Nicolis and Prigogine, 1989, 1977). Ac-
knowledging the complex nature of a system has implications for the way that scientific study of
the system should be approached. Complexity has been described as an emerging or new kind
of science (Waldrop, 1992; Wolfram, 2002)
Features of Complex Adaptive Systems (CAS) are distilled byMiller and Page (Miller and Page,
2007), who describe some characteristics of such systems and highlight the advantages of analy-
sis which takes account of these. Important properties of CAS and examples of these within the
electricity supply system are given below. It should be noted that the characteristics may appear
complex at certain scales (spatial and/or temporal) whereas theymay appear linear and “simple”
at others.
1. Irreversible – in the sense that given the current state of the system, it is not possible (even
theoretically), to simply reverse the sign of time and ascertain the state of the system at
some arbitrary previous point. The present state of the system is a product of an evolution
over time where the history is important to the current state. We see such irreversibility
at multiple scales within the electricity supply system – from the network structure of the
grid that has emerged over time to the unpredictable coincidence of multiple influences
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that can precipitate electricity use in a home.
2. Emergent phenomena – these are macro system behaviours that emerge during system
operation, but cannot be derived from the description of behaviour of the system com-
ponents. Classic examples include the oscillation in the Belousov-Zhabotinsky reaction
(Zhabotinsky, 1964), or self organisation phenomena such as the Benard cells seen, for in-
stance, if one heats oil in a pan with a little flour in it (Bénard, 1901; Rayleigh, 1916), or the
flocking of birds (Reynolds, 1987). In the electricity supply system, emergence can be ob-
served in regular predictable patterns of consumption at a system-wide level that emerge
from the individual decisions of millions of electricity consumers every day, even though
at the level of individual, or even communities, of consumers, their exact demand pattern
may vary markedly from day to day and be very difficult to predict with accuracy.
3. Irreducible / incompressible – the system cannot be described in any simpler fashion by
spitting it into component parts or subsystems. Thenumber of these components typically
makes description by conventional scientific means (such as single governing equations)
intractable. This is evident in the electricity supply systems, where the demand on, for in-
stance, a local substation is a result of the interaction of, typically, thousands of consumers
none of which can be said to be identical or easily described by a single equation.
4. Non-linear (often including sensitivedependenceon initial conditions ) – Aswithmany
systems, the electricity supply system contains both linear and non-linear component el-
ements. For instance, the physical system of cables in the grid is (excepting situations of
catastrophic failure) broadly linear in response. However, the demands presented by a de-
vice, orbuilding,will typicallybehighlynon-linear, for instanceanovencookingdinnerwill
suddenly demandpowerwhen its temperature falls below a certain set point and switch off
when it has achieved its desired temperature. This demand is not a linear function of either
time or temperature. Sensitive dependence on initial conditions means that a very small
change in the initial conditions of the system can lead to very large differences in system
state at some time in the future.
The electricity supply system is complex –many stochastic factors combine (e.g. temperature
at various points on the network, stock market commodity prices, consumers desires), along-
side interactions between components (e.g. wholesale electricity trading, observation of others’
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consumption habits, fashions for certain appliances) to make the exact behaviour of the system
difficult to predict – particularly at longer timescales. That is not to say that we know nothing of
how the system will behave – indeed the National Grid and distribution network operators have
sophisticated models to predict demand on the network – but we cannot know the detail in ad-
vance. While we could know with some certainty which long term contracts might provide the
bulk of supply, we could not say, for instance, which exact mix of generators will be providing all
the electricity at a specific time even a day or so into the future – that depends on a complexmix
of weather and trading conditions.
In addition to being a complex system, the electricity supply systemmaybe considered adap-
tive – it changes configuration over time in response to both exogenous influences such as po-
litical will and endogenous factors such as supply and demand dynamics. Consideration of the
electricity supply system from a CAS perspective may be of significant benefit to modelling it
(Pfenninger et al., 2014). Work frommultiple disciplines can be drawn together to address chal-
lenges for the modelling of the electricity supply system – such as the need to increase temporal
and spatial resolution to understand the influence of distributed renewable generators and the
increasing need to consider the influence of human behaviour in a smart grid.
2.3 Smart grid as a socio-technical system transition
2.3.1 Socio-technical systems
The electricity supply system is treated as a socio-technical system throughout this study. That
is to say that social factors (such as economics and the social interactions of individuals within
the system) are crucial to the behaviour to the system, as are the technical features of the system
(whichmight include technological artefacts, infrastructure networks, market rules and even, in
some definitions, organisational structures).
A definition of a socio-technical system is given below and is adopted for this research:
“At the level of societal functions, a range of elements are linked together to achieve functional-
ity, for example technology, regulation, user practices and markets, cultural meaning, infrastruc-
ture. . .This cluster of elements is called a Socio-technical system”
Source: (Geels, 2005)
This definition fits the electricity supply system well – the system has a strong technical and
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infrastructural component, user practices and socially determined patterns of consumption
strongly influence its operation, and it is governed by extensive regulation. In this study, equal
weight has been given to the technical and social facets of the electricity supply system. The re-
ciprocal interaction of the social and the technical aspects are described andmodelled, with the
technical operation of the system potentially giving rise to changed (social) behaviour in those
actors using the system and, of course, with the behaviour of those using the system affecting its
technical operation.
In addition to the mixture of social and technical elements characteristic of socio-technical
systems, it is notable that there is change in each - for instance the policy changes outlined in
Chapter 3. It is therefore appropriate to consider the transition of the electricity network (e.g. to
a smart grid) as a socio-technical transition (Bergman, 2009; Grünewald et al., 2012; Verbong and
Geels, 2007, 2010; Wall and Crosbie, 2009; Zegers, 2009)
2.4 Transition
The study of transition within STS acknowledges the reciprocal influence that exists between in-
dividual actors and the environment or context that they exist within. This ideawas by nomeans
invented by this discipline – Systems Thinkers (Senge, 1990), Sociologists (Bourdieu, 1977; Gid-
dens, 1984; Latour, 1987) andPsychologists (Lewin, 1951) inter alia had recognised and theorised
this before the birth of STS as a discrete discipline.
Consideration of socio-technical transitions, particularly in the Netherlands and often con-
cerning environmental and sustainability, gave rise to afieldof studywithin STSknownasTransi-
tionManagement,whichdrewprimarily on theory from(evolutionary) economics andsociology.
Energy system transition, in particular, has been a focus, with a strong emphasis placed on the
effects of policy on technology (and vice-versa). In early TransitionManagement research, ideas
of “managing technology in society” and “technology forcing” (the use of regulation to require
technology to meet a certain goal, e.g. emissions standards) were described as an apparently
“attractive option to link science and technology to societal goals” (Schot and Rip, 1997). Soon
afterwards, Strategic Niche Management (SNM) was proposed, where favourable niche devel-
opments are nurtured as a matter of policy (Kemp et al., 1998). Whilst such an approach might
seem rather unattractive to some as an example of social engineering, in fact the idea of trying
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Figure 2.1: The multi-level perspective (MLP).
Source: (Geels, 2002)
to ’pick winners’ and encourage a certain group of niche developments has become relatively
common in policy, particularly energy policy. Environmental and sustainability transitions have
consistently been prominent in the study of socio-technical system transitions e.g. (Berkhout
et al., 2004; Geels, 2011; Meadowcroft, 2011; Smith et al., 2005).
2.4.1 Interpreting socio-technical system transition
The multilayered interpretation of socio-technical system behaviour, particularly transition in
behaviour and structure, introduced by Rip and Kemp (1998), included from its inception ideas
familiar to investigators of complex systems, such as novelty (emergence or innovation) and irre-
versibility. These ideas were taken forward by Geels and developed into theMulti-Level Perspec-
tive (MLP) (Geels, 2002, 2005). Themulti-level perspective combined the ideas of socio-technical
regimes (Nelson and Winter, 1982) and innovative niches with the addition of landscape (Geels,
2002). Thus, a socio-technical system could be described in a hierarchical fashion (Figure 2.1),
albeit with potential for elements at all levels to change over time.
This perspective was proposed as a deliberately integrative framework and defines a hierar-
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chical view of socio-technical systems where regimes (combinations of artefacts and modes of
operation) are dominant within the more general landscape. Niches based on innovative tech-
nology, combinations of technology or modes of operation may exist and, under certain condi-
tions overtake the dominant regime(s). The perspective is hierarchical in nature, but explicitly
expects movement in each level over time, with landscape conditions changing and influencing
both regimes and niches such that regimesmay lose their dominance or niche(s) gain a dominant
position (Figure 2.2). This perspective, in combination with a typology of types of transition de-
scribed in its terms (Geels and Schot, 2007) provides a systematicway to describe socio-technical
systems in transition. Geels and Schot describe four1 transition paths as well as a pathwaywhere
the socio-technical system is renewed or reproduced – a situationwhich is characterised by con-
stant incremental innovation (examples for each transition type taken from (Geels and Schot,
2007)):
Transformation: Incumbent socio-technical regimes change under exogenous (landscape)
pressure without recourse to one particular niche as niche innovations are not yet sufficiently
developed to depose the regime
De-alignment and re-alignment: Existing regimes begin to develop problems and become
incoherent or de-aligned. Competition betweenmultiple niche innovations to solve these issues
results in the emergence of a winner (e.g. automobiles replacing horse drawn transport in the
USA, c.1900).
Technological substitution: Aradicalniche technology replaces anexisting technologywhen
a landscape pressure “shock” occurs in the presence of a sufficientlymature niche creating a new
socio-technical regime (e.g. steam ships replacing sail for transatlantic travel under the shock of
political revolution and the Irish potato famine in the mid-1800s).
Reconfiguration: Multiple complementary innovations, which developed in niches, are co-
opted by the regime to solve local problems. They subsequently alter the basic architecture of
the regime to the extent that it becomes a new regime, albeit growing out of the original. (e.g. the
transition to mass production from batch production in the USA, c. 1900).
Reproduction process: With an absence of landscape pressure the regime will remain dy-
namically stable and reproduce itself albeit with the potential for incremental innovation.
1In their paper on rethinking the MLP, Genus and Coles (2008) add a fifth: "Opening up of a new domain": Suc-
cessful socio-technical system building provides a new social function. Whilst this is attributed to a Geels and
Schot work of 2005, the work could not be found by this author
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In addition to this typology, the potential for a sequence of transitions is acknowledged, with
systems beginning on one path before switching to another if the landscape is undergoing dis-
ruptive change.
Since its introduction, theMLPhas been used to describe transitions in awide range of socio-
technical systems (e.g. Geels, 2005) including sustainability transitions (Geels, 2012, 2013)
In the UK, study of transition in energy systems has seen a number of researchers adopting
the MLP (e.g. Foxon et al., 2013), sometimes with adaptations, for instance to include insight
from practice-theory (Hargreaves et al., 2011). Others highlight the shortcomings of the transi-
tion management perspective, criticising the MLP in particular as being mainly useful in a ret-
rospective explanation and lacking predictive power. In Shove andWalker’s critique, researchers
are cautioned against the apparent homogenisation of method around the Transition Manage-
ment andMLPmodels – the authors exhort academics to “[back] off from the nested, hierarchical
multi-level model as the only model in town” (Shove and Walker, 2007). Genus and Coles offer
a direct critique of the MLP (Genus and Coles, 2007) and follow up with a suggestion to rethink
the MLP (or at least its application) such that it might be applied more systematically in future
research (Genus and Coles, 2008). Responses to these critiques have centred around answer-
ing criticism directly (Geels, 2011) alongside a demonstration that using the MLP framework is
compatible with a number of ontological perspectives on socio-technical systems and transition
(Geels, 2010). One criticismwhich remains difficult to answer is that theMLP requires decisions
to be made regarding start and end dates for transition and what constitutes the system under
consideration, this is discussed further as it relates to this study in Chapter 9. This is particularly
difficult when attempting to analyse a system that is possibly undergoing transition at the time
of the study, as the clarity of a historical view is not available.
Despite these critiques, theMLPhas proved to be a useful frame of analysis. Themultiple lev-
els allow for a clear definition within a particular project of what is considered to be the (chang-
ing) context within which a system operates (the Landscape), the set of artefacts and relations







































2.4.2 Viewing the change to smart grid as a socio-technical transition
Having described socio-technical transition, this section examines why the change of the elec-
tricity supply systemtoa smart grid canbeviewedasa transition. When reviewing socio-technical
change in general, Genus and Coles (2008) state that “Generally, in [socio-technical] research it is
argued that transitions commence when: a prevailing socio-technical regime starts to display sig-
nificant problems”. In the case of theUKelectricity supply system, CO2 emissions obligations and
the associated increase in renewable generation have revealed nascent problems for the prevail-
ing regime of generator control and despatch. In addition, and to some degree in response to
carbon obligations, prices of domestic electricity have begun to rise and attracted increasedme-
dia coverage. Capacity margins have fallen and discussion of the potential for blackouts have
become a perennial focus for the media in Autumn (e.g. BBC, 2010; BBC and Robinson, 2013;
BBC and Fraser, 2015). Since 2012, Ofgem has produced a capacity report to monitor these con-
cerns, obliging National Grid to provide information on generation mix as the System Operator
(Ofgem, 2012) and the latest (published under the title “security of supply report”) shows some
tightening of the electricity capacity margin to between 0 and 4% and increased uncertainty in
the projection of loss of supply hours (Ofgem, 2015, p.10). Subsequent to the publication of that
Ofgem report publication, operators of large coal fired power stations Eggborough (2GW) and
Longannet (2.4GW) have announced that they will cease production in March 2016, further in-
creasing pressure on the capacity margin. There is no doubt that tightening capacity margins
based on the closure of conventional power stations is both a reality and present in the media
and public perception of the electricity supply system. All these can be interpreted as signs that
the prevailing regime is starting to display significant problems, which could mark the start of a
transition.
Another factor involved in transition is a key innovation which can become dominant and
unseat the incumbent regime. It is not certain that the smart grid will become the dominant
mode of operation for the electricity supply system in the real world – prediction of future state
for complex systems is notoriously difficult. However, as this research is set within the context
of the smart grid becoming a reality, it will be assumed that it could be described as a dominant
design, which unseats the current regime.
In the early stages of socio-technical transition, first or early adoption of the transition tech-
nology takes place. This is the phase of smart grid adoption that is currently underway and upon
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which the present research focuses. For instance, adoption of domesticmicrogeneration, in par-
ticular PV, has increased rapidly within the last 4-5 years. Although PV is not a new technology
in itself2, the widespread use of PV panels in a domestic context can be considered novel from a
socio-technical perspective.
The end of a transition has been characterised as “the point when the new socio-technical
regime reaches the pointwhere ‘social embedding’ of the nascent technology/ies takes hold.”(Genus
and Coles, 2007). Whether this has yet occurred for PV panels is a question addressed in this
work (see Chapter 9), however it is certainly the case that enabling technology for smart grids
more generally has not reached this point. Genus and Coles state that “in order to be consid-
ered transitional a technology has typically been identified to be a radical innovation, and to have
demonstrated its impact over the longer term (in [reviewed] case studies between 40 and 90 years).”
Again, for technologies fundamental to the smart grid concept this cannot yet be known, but if
the promise of smart grids is realised then the innovation will certainly have been radical – with
a threefold shift from fossil fuels to renewables for electricity provision; to electricity for heat-
ing and transportation; and from passive demand to actively controlled and matched demand.
Plans show this transition happening over the next 40+ years (ENSG, 2010).
The preceding section illustrates that a change of the electricity supply system to a smart grid
fulfils criteria frequently cited as necessary to describe a change as a socio-technical transition.
For this study, such a characterisation is appropriate – the following can be considered to be
working definitions for Lanscape, Regime andNiche for the electricity supply system specifically
and will be referred to throughout:
• Landscape – the policy objectives set down by national government, commodity prices,
physical geography, weather and climate.
• Regime – the dominant model whereby consumers purchase electricity by quantity from
suppliers. Suppliers purchasewholesale electricity fromasmall numberof large generators
(mostly fossil fuelled). Energy is supplied “top-down” from the large power stations flowing
through a dendritic network to the end user, whomay consume the power she needs when
she needs it.
2the PV effect having been observed in the early 1800s by Becquerel and silicon cells being developed by Bell
labs in the 1950s
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• Niche – socio-technical innovations in the electricity supply system. There may be many
niche innovations within the electricity supply system at any one time (as illustrated in
Figure 2.1)3. In this study, the niche of interest is adoption of smart grid technologywhence
the erstwhile consumer behaves as a prosumer. The specific niche explored in detail is
domestic PV ownership.
The emergence of smart grid as a changed regime would be recognisable as electricity being
generated by a mix of existing power stations, large central renewable generation and, crucially,
large numbers of small, distributed renewable generators. In addition, tariffs based on gener-
ation and use of electricity at specific times of day or in response to specific conditions would
characterise such a regime. This thesis concentrates particularly on the adoption of small re-
newable generators in a domestic setting as the niche of interest.
2.5 Adoption and diffusion of innovation
The study of socio-technical transition has been closely related to studies of adoption and diffu-
sion of innovation. This study is no exception – the influence of human actors on the transition
to a smart grid will be that of adopters of innovative technology and consumption practices.
2.5.1 Adopting new technology
Modern study of technology adoption can be traced back to the 1960s, with Rogers’ “Diffusion of
Innovation” (Rogers, 1962, read in 4th edition, 2010) andHägerstrand’swork on the spatial nature
of diffusion (Hägerstrand, 1965). Rogers’ work introduced five categories of adopters: Innova-
tors, Early Adopters, EarlyMajority, LateMajority and Laggards. In Rogers’ work, the innovation-
decision process is discussed explicitly as passing from the first knowledge of an innovation,
through forming an attitude to it to making the decision to adopt or reject. After this, Rogers’
theory is that the decision is implemented and then evaluated. (Rogers, 1962). After Rogers, the
ideas of diffusion of innovation were developed and given explicit mathematical formulation,
particularly from the perspective of study of economics. Bass (1969) produced a mathematical
formulation of innovation diffusion:
3The smart grid as a niche operating mode might emerge from several niches including innovative relation-
ships between consumers and suppliers (possibly via proxies) to co-ordinate demand to match renewable supply




= p+ qF (t)
Where:
f(t) is the rate of change of the installed base fraction;
F (t) is the installed base fraction;
p is the coefficient of innovation;
q is the coefficient of imitation.
This equation will produce the “S-curve” often observed in the total number of adopters of
a given technology. The formulation has been used and extended extensively, with notable ex-
tensions to account for repeated adoption (e.g. products that will be renewed) (Norton and Bass,
1987) and generalisation to time-varying price (Bass et al., 1994).
These formulations have been found to be applicable over a range of technological innova-
tions and remain a mainstay of studies on innovation diffusion, with empirical evidence being
collected and used to determine the parameters for specific cases. Meta analyses have shown the
model to have be generalisable and have descriptive power (Mahajan et al., 1995). Such models
are used in forecasting and to inform policy, but have been shown to be incomplete in describ-
ing adoption patterns in the presence of highly heterogeneous populations, in particular where
the coefficient of imitation (q) is highly heterogeneous. Kiesling et al. (2012) find that the lack of
consideration of consumer heterogeneity and social factors in Bassmodels and their derivatives
to be a limitation, particularly where a model is required to answer “what-if” questions as this is
not the purpose for which the Bass formulation was designed.
Rogers, in his final published paper, considered the network effects characteristic of CAS and
how they interactedwithDiffusionof Innovations (Rogers et al., 2005). Theeffect of oneoffevents
on the diffusion process 4 was shown (Rogers et al., 2005), demonstrating that, while the basic
theory does apply, there is a “fat tail” of residual adoption due to network effects within the CAS
and distinct abrupt changes to the curve of adoption due to one-off events that can be consid-
ered to occur virtually instantaneously. This reinforces the importanceof consideringCAS effects
to improve uponmore traditional diffusion of innovationmodels where appropriate and we ob-
serve that such one off events can certainly affect the diffusion of innovative technology in the
electricity supply system (see Chapters 3 & 7). The research described in this thesis approached
4in this case the spread of a HIV/AIDS
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diffusion of innovation from the bottom up, via behaviour of adopters, rather than using the ag-
gregate methods of the Bass formulation. It will be shown that for the case study, the smooth
S-curve of the Bass model is not easily applied (Chapter 7, particularly Figure 7.4)
2.6 Agent-basedmodelling
Having outlined the theoretical frame for the research conducted, the modelling paradigm used
for this research project is briefly introduced. While other paradigms have been suggested to
model household level influences on technology adoption (for example social network models
(Bale et al., 2014) or choice with multi-criteria analysis (Higgins et al., 2012)), this research was
undertaken in the context of an ABM project and hence uses ABM as the modelling paradigm.
Here, the applicability advantages of the ABM paradigm for the theoretical perspective is de-
scribed (in contrast to alternatives where appropriate); the applications of ABM in complexity,
socio-technical transition and the electricity sector are reviewed in detail in Chapter 5 and the
specific implementation for this research (described in the methods section Chapter 6)
Agent-based modelling is a relatively modern computerised modelling technique. Growing
from Cellular Automata research in the mid 20th Century, many quote Schelling’s segregation
model (Schelling, 1971) as the first example of an ABM5, particularly when generalised to its two
dimensional form. Areas of application quickly diversified with models used to investigate ex-
tensions to Schelling’s work on population segregation, to ecological studies of organism pop-
ulation, optimisation techniques, economics and others. Latterly, the use of ABM to explicitly
provide insight in social science has becomemore wide spread. The term “generative social sci-
ence” was coined to describe a series of experiments performed using the “Sugarscape” model
(Epstein and Axtell, 1996) and is used to describe ABMs which model the potential behaviour of
social systems with the aim of gaining insight into how the target systemmay behave.
Pedagogical guides to the theory of ABMs andpractical development of ABMshave been pro-
duced (Gilbert, 2008; Miller and Page, 2007) as the technique has gained acceptance as a useful
modelling method.
Gilbert suggests that ABM offers various benefits over other modelling paradigms – these are
5some scholars argue that this is a Cellular Automaton, as each agent has exactly the same decision rule and
agents are homogenous save for one parameter. It is not important to this thesis to delve deeply into the philo-
sophical distinctions between Cellular Automata and ABMs.
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reproduced in the first columnof Table 2.1, with a description and relevance for this study added.
Miller and PageMiller and Page (2007) highlight a similar list of properties of Agent-basedmod-
elling which make it particularly suited to the study of CAS.
Table 2.1: ABM characteristics and relevance to this study.
Source: (after Gilbert, 2008, Section 1.3)
ABM
characteristic
Description Relevance to this study
Ontological
correspondence
The direct encoding of real world en-
tities in the target system is relatively
easy to achieve in an ABM.
This study is investigating the effect of
real world human behaviour. Ease of
encoding observed characteristics into
the computer model is paramount.
Heterogeneity Representation of differing character-
istics within the modelled population.
This contrasts with many economic
and social models, where average or
typical values are assigned to all actors
in a system.
Studies have shown that predisposi-
tion to pro-environmental actions is
heterogeneous amongst the popula-
tion. In addition, social and physical
circumstances of potential adopters
(e.g. building suitability, available cap-
ital) vary amongst the adopting popu-
lation.
Learning The changing of characteristics over
the time of the simulation (usually to
improve outcomes). ABM canmodel
learning at three levels, individuals
learning, evolutionary learning where
the population fitness improves over
time and social learning where agents
observe and imitate their peers.
This study will focus in particular on
social learning, as observation and im-
itation of peers is known to be a factor
in adoption. In addition, individual




Description Relevance to this study
Environment The environment within which the
agent exists can be varied easily – this
would be virtually impossible in a real
world experiment.
Different policy options are evaluated,




Bounded Rationality is based on ideas
introduced by Simon (e.g Simon, 1955)
and subsequently refined. Agents are
limited in the amount of information
they have access to about any deci-
sion; their cognitive ability and the
amount of time they have to process
a decision. This can be modelled in
ABM, where most economic models
assume perfect rationality and infor-
mation and utility optimisation.
Agents have access to limited infor-
mation, for example with regard to
adoption rates, estimated costs and
payback. These are determined from
observation of peers andmedia as well
as there own perception.
In particular, as this study investigates the impact of individual decisionmakers on pathways
of transition, the ability of agent-basedmodelling to copewithhigh levels of heterogeneitywithin
agents is paramount. As the heterogeneitywithin agents increases,mathematicalmodels rapidly
become intractable. For instance, the Bassmodel for technology adoption assumes constant co-
efficient of imitation across the adopting population. Work has been done to introduce some
forms of heterogeneity or decision variable (e.g. those reviewed in Bass et al., 1994), or to have
coefficients that change over time (e.g. Norton and Bass, 1987). While the Bass model of adop-
tion fits a remarkable number of cases, the fact remains that conventionalmodelling of adoption
is intractable if one wishes to account for and study the effect of heterogeneity within each po-
tential adopting agent. In addition, explicit interaction between agents and with a time-varying
environment is often intractable within conventional energy models.
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2.7 Overall research approach
The design of the model used in this research and, perhaps more importantly, the analysis of
inputs and outputs of the model are undertaken from the perspective of a complex, adaptive
socio-technical systemanalysis as described in section 2.2. Themove toward a smart grid is char-
acterised as a socio-technical transition, as laid out in section 2.3. Geels’ MLP perspective offers
an appropriate and useful frame to this study as it is specifically concerned with the emergence
and sustainability (or otherwise) of niche innovations in socio-technical systems. The system is
investigatedbymeansofmodelling smart grid technology adoptionusing anagent-basedmodel,
incorporating insights frommultiple disciplines including engineering, economics and psychol-
ogy alongside quantitative information from available adoption data.
The model developed seeks to explain observed phenomena and thereby give insight into
possible future paths of adoption and the consequences of these for the smart grid as a whole.
This is in contrast to models developed to provide (high precision, low uncertainty) quantitative
predictions of future system behaviour. The model illustrates possible scenarios – highlighting
which appear tobe less likely andwhichmore so. Themodel provides insight intopossible effects
of policy on householder behaviour on possible paths toward the smart grid.
The case for usingmodels for purposes other than quantitative prediction has beenmade by
Epstein – one of the pioneers of computational modelling and especially agent-basedmodelling
(Epstein, 2008). He first defines the reasons for modelling, arguing that we all model all the time
– but that such mental models are often not explicit. Epstein is not the first researcher to note
this, however the conflation of simulationmodellingwith prediction remains in evidence among
some energymodellers (Pfenninger et al., 2014). Epstein then offers reasons to design, build and
use explicit models – focussing on the tendency of model making to force one to make assump-
tions clear and explicit and to allow parameters to be easily changed to test model sensitivity.
When considering what he calls the reflexive presumption that models should have the goal of
prediction of the future “as in a crystal ball”, he lays out “16 reasons other than prediction [. . . ] to
build a model.”
A reduced set of Epstein’s 16 reasons are particularly pertinent to this research, in particular:
1. The model is used to help explain the system behaviour (Epstein’s 1);
2. To shed light on the core dynamics of adoption in this system (Epstein’s 3);
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3. to discover new questions pertaining to the adoption of technology in the path to a smart
grid (Epstein’s 5);
4. to bound outcomes to plausible ranges (Epstein’s 7);
5. to shed light on core uncertainties in the role of household technology in a future smart
grid (Epstein’s 8) and
6. to demonstrate trade-offs / suggest efficiencies in policies designed to encourage moves
toward a smart grid (Epstein’s 10).
In stating outright that the models developed for this study are not used for precise prediction,
it is important not to “throw the baby out with the bath water”. They may be used to help us
anticipate potential modes of operation for the system. Anticipation is not synonymous with
prediction. For instance, wemight be able to anticipate the possibility of an event, without being
able to predict it deterministically – we can anticipate an earthquake along a fault line, but we
cannot predict it (e.g. magnitude, precise location of epicentre, time etc.). In the same way, the
results of this study may be used to inform discussion of possible modes of system change and
operation that we might anticipate, although they are not suitable for predicting precise opera-
tional conditions.
With these modelling goals explicitly defined, it is clear that the major conclusions of the
model will be qualitative in nature. While the nature of a computational (i.e. numerical) model
is that it will give quantitative output, the interpretation of these numbers is preformed in the
qualitative domain. Thus, the outcome of themodelling exercisewill not take the formof a state-
ment such as “The implementation of an incentive worth £x over y years will yield a reduction in
Carbon emissions of z tonnes”. Rather, it will take the form “The system appears to be particularly
sensitive to factor x and less sensitive to factor y. Therefore policies focussing on large changes in
factor x are more likely to cause z effects”.
2.8 Summary
The electricity supply system is considered as a complex adaptive social system (2.2) and its tran-
sition to a smart grid is examined using Geels’ multi-level perspective on socio-technical system
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transition (2.3& 2.4). ABM (2.6)will be used to integrate information fromdata analysis andmul-
tiple disciplines to investigate the adoption of technology (2.5) within that transition. The goal
of the modelling exercise is to offer insight into the factors affecting technology adoption and
how adoption fits into the larger transition to a smart grid. Although the outputs of the model
are quantitative, the conclusions that should be drawn from themodel developed are qualitative
rather than quantitative in nature (2.7).
The following chapter provides the policy component of the current state of the landscape for
the adoption of low-carbon technology, particularly within a smart grid context. This is followed
by a literature review concentrating on transitions within the electricity system, identifying re-




This study has been conducted in a complex and rapidly changing policy context. The policies
and legislation affecting the future electricity network in the UK and, in particular, the transition
to a less carbon intensive smart grid are reviewed in this section. These include global agree-
ments on carbon targets, pan-Europeandirectives, UKLegislation, national policies, routemaps,
implementation plans and other documents published by Government departments and local
government. Potential paths to a future smart grid as part of a de-carbonised electricity supply
infrastructurewill be crucially affected by the policies described, the relationships between them
and the combination of incentives and regulations that they encode. This section is the result of a
systematic review of governmentwebsites and documentation,media coverage of policy change
and a review of academic literature relating to energy policy. The nature of the UK political sys-
tem is such that the policy documents in any area are potentially subject to rapid change. This
potential has been realised in the case of smart grids, where implementation plans and existing
schemes have been subject to major revisions within the period in which this research has been
carried out. Several factors have influenced these changes, including a change of Government in
2010 and 2015 and the ongoing impact of the global financial crisis. This has resulted in a subtle
change in emphasis within energy policy, which is drawn out below.
A review of media coverage is, perhaps a little unusually, included within this policy review
(section 3.3). In the PV case study, the media coverage of policy introduction and changes was
significant, meaning that awareness of these factors was high. It is shown later in the thesis that
the influence of policy change on adoption rates is significant, therefore it the degree to which
the policy was in the public eye and the changes were widely disseminated is a crucial part of
understanding the influence of the policy landscape upon the adoption decision. This insight is
essential to the discussion of the potential for policy change and awareness to influence future
smart grid technology adoption decisions in the domestic context.
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3.1 Overview
The starting point for this review was to collate a comprehensive list of UK government policy
relating to energy policy and, in particular, the electricity network. For a visual overview of the
policy landscape, the reader is referred to the work by ARUP (ARUP, 2016, 2012, 2011), which
presents a comprehensive timeline of relevant policies and how they affect the UK. Unfortu-
nately, that poster is not suitable for reproduction in this document, hence the key legislation and
policy documents affecting smart grid transition and particularly technology adoption are sum-
marised in table 3.1 and described in this section. The table is organised hierarchically, moving
frompolicies that set targets that providemotivation formoving to a smart grid, through policies
and documents that set out how smart grids might be realised, to policies that directly affect the
adoption of technology necessary for a smart grid.
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Table 3.1: Key UK policies and strategy documents affecting smart grid transition, with focus on PV adoption




Climate Change Act (UK
Parliament, 2008a)
2008–2050 Legislates for 80% decarbonisation by 2050 and carbon budget mechanism - so far set-
ting reductions of 23% by 2012 and 25% by 2020. This exceeds requirements of Kyoto
protocol (UN, 1998) and EU directives (European Union (EU), 2009a,b) and motivates





Long term electricity net-
work scenarios (Ofgem,
2008)
2008– Defines scenarios for decarbonised electricity grid, highlighting the need for smart
grids to manage demand alongside intermittent renewable supply at affordable cost.
Renewable Energy
Roadmap (DECC, 4/4/12)
2012– Defines the planned increase of renewable generation on the electricity network, fur-





2010–2020+ Sets out steps to enacting a smart grid, including pilot schemes funded by Low Carbon
Network Fund (LCNF) and rolling out technology, such as distributed generation.
Smart meter rollout (DECC,
2011a)
2011–2020 The instrument defining how smart meters will be rolled out across the UK. Smart me-
ters facilitate real time measurement of domestic demand and generation. They are the
key enabling technology for smart grids.
Domestic PV
adoption
Feed-in tariff (UK Parlia-
ment, 2008b; DECC, 2009)
2010– The main instrument by which adoption of domestic renewable electricity generation,
particularly PV, is incentivised. This instrument and changes to it are the direct context
of PV adoption.
At the highest level, de-carbonisation of the energy supply for the UK is influenced by global
agreement (UN, 1998) and European directives to ensure that member states comply with that
protocol (including the decision on 2020 targets to cut emissions by 20% based on 1990 levels
(European Union (EU), 2009a), directive on renewable sources (European Union (EU), 2009b),
the 2030 climate & energy framework (EuropeanUnion (EU), 2014) and plans for cutting domes-
tic emissions by 80% as part of overall reduction of 50%by 2050 (e.g EuropeanUnion (EU), 2011).
In theUK, targetsmore stringent than thosemandatedby thedirectiveshavebeenenshrined into
law, with the Climate Change Act 2008 mandating 80% reduction in total UK carbon emissions
(compared to 1990 levels) by 2050 (UK Parliament, 2008a). Under this Act, 5-yearly Carbon bud-
gets are set in law to define the path to this target, with budget 1 setting a 23% reduction by 2012,
and budget 3 setting a 35% target by 2020, for example. This compares to a 12.5% reduction by
2012mandated for theUKby the Kyoto protocol commitment (the EUas awholewas committed
to 8% reductions on the 1990 baseline by 2012 and all parties a 5.2% reduction). Following this
legislation, there have been three Energy Acts (UK Parliament, 2008b, 2010, 2011), as well as a
further Act that progressed through parliament as the work was undertaken (UK Government,
2013) enacting the Electricity Market Reform (EMR) into law and setting the framework for 2030
decarbonisation targets. A further Bill proposed in 2015/16 with the states commitments to:
“ Continue to support development of North Sea oil and gas, to allow local people to have a
greater say on new onshore windfarm applications and close the Renewables Obligation scheme
to new onshore wind from April 2016. ”.
Source: (UK Government, 2015)
In order to meet the legislated commitments for carbon emissions in 2020, there is a clear
need to significantly reduce the carbon emissions caused by the generation of electricity in the
UK; in theGovernment’sCarbonPlan, the sectionon lowcarbonelectricityprovisioncommences
with the statement “The power sector accounts for 27% of UK total emissions by source. By 2050,
emissions from the power sector need to be close to zero.” (UK Government, 2011). This implies a
greatly increased fraction of electricity generation from renewable sources in theUK (commonly
referred to as an increased renewable share in the “Fuel mix”), in combination with some Car-
bonCapture andStorage (CCS) applied to fossil fuel generators, nuclear generationand imported
electricity.
The detailed paths to achieving the targets described above are less clearly defined. Work
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to set out potential scenarios in which the targets are met has been carried out over the last 5-
10 years. The 2050 pathways work commissioned by DECC (DECC, 2010d) outlines a number
of possible scenarios for 2050 which will achieve the committed Carbon reductions. The work
also produced a tool to calculate the impact of various measures across the spectrum of energy
use (DECC, 2010a) and a website to allow citizens to design scenarios which met the targets by
altering the degree to which each area of energy consumption is changed (DECC, 2011c). This
allows a visualisation of various scenarios in 2050, however, very little is reported about how the
transition to each 2050 scenario would occur – other than a categorisation of the effort required
in each particular initiative ranging from:
“Level 1: assumes little or no attempt to decarbonise or change or only short run efforts; ”
to
“Level 4: describes a level of change that could be achieved with effort at the extreme upper end
of what is thought to be physically plausible by the most optimistic observer”
Source: (DECC, 2010b)
Looking to the electricity network more specifically, work has been commissioned by both
DECC and Ofgem to examine the paths to an electricity generation with vastly reduced Carbon
intensity. The Long Term Electricity Network Scenarios (LENS) report (Ofgem, 2008) details five
scenarios which range from a highly centralised view of a decarbonised network (Big Transmis-
sion and Distribution) to a much more decentralised view where large proportions of electric-
ity is generated by small and micro renewable generators (microgrids). The former approach
would be driven by investment in nuclear power stations and large scale renewables (such as
onshore and offshore wind farms, often cited as “Big Wind”) while the latter envisages, for in-
stance, householders investing in domestic generation such as PV, potentially owning storage
devices and using electricity more efficiently.
The LENS report sets out some of the necessary actions to bring about a transition to the sce-
narios it describes, however detail is still lacking. Some efforts have beenmade to flesh out some
of this detail. In 2010, the Electricity Network Strategy Group(ENSG) produced the “Smart Grid
Routemap”, a report setting out potential paths toward a smart grid (ENSG, 2010). This sets out
some necessary steps toward a smart grid future and highlights the need for pilot projects, out-
lining some potential sample projects. However, this routemap is still unclear how the necessary
adoption of devices to facilitate a smart grid will occur. In a section on Distributed Energy Re-
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sources (DER), defined in that document as “Distributed Energy Resources (demand response,
storage and distributed generation)”, it is noted that:
“A particular challenge exists around the customer value proposition linked into technical con-
trol and automation and DER commercial frameworks and incentives”
Source: ENSG (p. 15 2010, Challenges to DER)
A number of initial steps have been taken along the road toward a smarter electricity net-
work. A key enabling technology for any transition to a smart grid is the installation of smart
meters and communications infrastructure to allow the regular collection of electricity usage
data (smart metering) and the feedback of information, potentially coupled with price or intelli-
gent control signals, to the consumer. The legislation to allow for smart metering to be installed
has been passed and various statutory instruments have been passed to allow for the processing
of the data that they will provide (UK Parliament, 6th November 2012). The EU and UK legis-
lation relevant to smart metering, along with a description of the consultative process and the
relevant non-legislative policy documents are summarised in a Scientific Note prepared for the
Commons Library (Commons Library, 2013). The implementation plan for smart metering roll
out originally planned to start with smart replacements in a small number of homes in 2012, be-
fore entering the mass rollout phase in Q2 2014 and completing by 2019 (DECC, 2011a) – this is
now planned for Q4 2015 with completion around 2020 (Davey and DECC, 2013; DECC, 3rd July
2013). The recent Energy Efficiency Directive (European Union (EU), 2012), has content relating
to smartmeters, with the specific requirement that “domestic consumers should be providedwith
easy access to at least 24 months of daily/weekly/monthly/annual consumption data, where they
have a smart meter”. This may require a change in the regulatory framework for smart meters in
the UK, which has triggered another round of consultation.
Another key component of the smart grid vision, and the main subject of this thesis, is the
widespreadadoptionofdistributed renewable generation. TheRenewableEnergyRoadmappro-
duced by DECC (DECC, 4/4/12), describes the way that the UK wishes to introduce renewables
into the fuel mix. The FiT, introduced in the Energy Act and coming into force in April 2010 (UK
Parliament, 2008b), has encouraged the adoption of distributed renewable generators, particu-
larly domestic (mainly rooftop) photovoltaics.
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3.2 Feed-in tariff policy
A key source of data pertaining to the FiT is the impact assessment prepared as the policywas be-
ing designed (DECC, 2009). This document sets out the basis for calculating the tariff offered and
themethods used inmodelling predicted uptake. The impact assessment considers four scenar-
ios using an economic cost-benefit model to provide data on their likely consequences. Three
of the scenarios considered supported domestic microgeneration (“Lead scenario”, an “8% ROI”
scenario and a “community scenario”), while the fourth (“non-microgeneration”) assessed a tar-
iff supporting only larger installations. In outlining the motivation for the FiT, the first objective
is stated to be:
“The objective of FITs is to contribute to the UK’s 2020 renewable energy target through greater
take-up of electricity generation at the small scale and to achieve a level of public engagement that
will engender widespread behavioural change.”
Source: DECC (2009, p. 6)
The tariff eventually implemented for retrofitPV (<=4kWp)was41.3p/kWh-between the level
suggested by the “‘8% ROI” scenario (59p/kWh) and the “Lead” (and recommended) scenario
(36.5p/kWh), which assessed deliberately reduced PV tariffs due to the ease of PV deployment
compared to other technologies. The projected impact of the “Lead” scenario was:
“The scenario is projected to deliver 870,000 renewable installations by 2020, generating ap-
proximately 6TWh of additional (to the baseline) 9 This means that domestic PV installations do
not require planning consent. 11 electricity in 2020 at a resource cost of £600m in 2020 (annual),
£8.7bn cumulative to 2030”
Source: DECC (2009, p. 11)
This was further broken down by investor type, with the “Lead” scenario projected to incen-
tivise around 50,000 domestic installations over all technologies bymid 2011, with adoption fol-
lowing an “S-curve” to the 2020 target.
The policy was undoubtedly successful in encouraging the adoption of domestic (rooftop)
solar photovoltaic generators. In fact, the policy was deemed so successful by the government
in mid 2011 (at which time some 70,000 installations were registered compared to the projected
50,000 or so), that an extraordinary review of the policy was ordered and a subsequent reduction
in tariff mandated, despite the fact that the first review was originally planned to make changes
for implementation in 2013. Although the decision to reduce the tariff was successfully chal-
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lenged in court (EWCA Civ 28, 2012) and parliament (Hansard, 2012), the net effect of that chal-
lengewas simply to delay the reduction, whichwas enacted inMarch 2012. Since 2012 there have
been several rounds of tariff cuts, including a change to themechanismbywhich degressionwas
implemented, eventually resulting in a process of three monthly tariff review. Toward the end of
the research presented, another consultation commenced (DECC, 2015b), with the policy under
discussion being to cut the rate for rooftop PV to 1.3p/kWh, a large change from the rate im-
plemented in April 2010 (43p/kWh in today’s terms allowing for inflation). The effect of the FiT
and changes to it on patterns of adoption form the central theme of this thesis and the data on
observed adoption is analysed in detail in Chapter 7 before being discussed fully in Chapter 9.
Otherpolicy alsohas somebearingon the likely transitionpaths towarda smart, decarbonised
electricity network. The economic aspects of the transition toward a decarbonised electricity
network are affected by the Electricity Market Reforms, which have been widely consulted upon
(DECC, 2010c). During the course of this research, theBillwas enacted into law (UKGovernment,
2013). Although these reforms affect the wholesale market and have little to say about the retail
tariffs on which so many smart grid visions are predicated – they nonetheless affect the land-
scape for a transition toward a smarter grid. The contracts for difference and capacity market
elements of the proposed reformed market will affect the business cases for investment in large
scale renewables significantly. Uncertainty remains regarding how (aggregated) consumers with
domestic microgeneration and/or demand side response capability (i.e. the potential to offer
negative demand, largely similar to generation) could participate in the capacitymarket that the
EMR introduces (Warren, 2014). In addition, Ofgem’s ongoing retailmarket reviews (Ofgem, 19th
April 2013) will affect the possibilities and incentives for innovative retail tariffs to be introduced.
Prior to 2015, the main two instruments encouraging the installation of renewable electric-
ity generation have been the Renewables Obligation (RO) and the FiT. The RO has been avail-
able since 2002 (when it replaced the Non-fossil fuel obligation, which had been available since
1990). FiT is available for installations with capacity less than 5MW, whereas RO largely supports
projects with a capacity greater than 5MW. Following the EMR conclusions, RO is to be phased
out in favour of Contracts for Difference (CfD) as the main instrument to encourage renewable
generation.
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3.3 Media reporting of policy and policy changes
An important component of the public perception of the policy landscape is themedia reporting
of suchpolicy. The slippages andapparent shortcomingsof certainpolicieshavebeen the subject
of rather negative reporting, including the smart meter rollout e.g. (BBC, 2013a) and the Green
Deal (e.g BBC, 2013b). In contrast, the FiT policy received some broadly positive headlines as it
was announced (e.g. Bachelor, 2010), with someevidence that therewasbroadpublic support for
themeasure (Seager, 2010). Therewas extensivemedia coverage of the initial extraordinary tariff
review at various stages – before it came into force (e.g Clark, 2011), the (successful)1 challenge
to the legality of that review outcome (e.g Harvey and correspondent, 2011) and immediately
after cuts eventually came into force (e.g. BBC, 2012; Which? Energy, 2014). This widescale cov-
erage served to advertise the fact that a generous incentive was likely to be reduced. This has
been followed, albeit to a lesser degree, by some media coverage of the later degression reviews
(e.g. Murray and Shankleman, 2015; McGrath and BBC, 2015). Since 2012, the prevailing media
narrative has been one of reporting the decline in the (domestic scale) PV industry in the face of
ongoing cuts to the FiT (Morris, 2012). The further steep cuts to the tariff proposed for 2016 have
seen some coverage, particularly in the face of some large domestic PV installation companies
ceasing operation, but this coverage has not had the same intensity as the coverage in 2011. The
trends in public interest around this issue are illustrated by the trend inweb searches for the term
"UK FiT" over time (Figure 3.1)
1The details of the details challenged and ruling are covered by EWCA Civ 28 (2012)
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Figure 3.1: Normalised trends of web searches for “UK feed in tariff” over time on a popular
web search engine.
Source: Google Trends (www.google.com/trends)
The media coverage of energy policy shows an increasing focus on issues of energy prices,
fairness (in termsof energy poverty and access to energy aswell as in termsof fairness of the retail
prices offered by energy supply companies) and security of supply. These observations lead to
the conclusion that energy policy in general appears to be gaining increasedmedia attention and
it is therefore likely that any transition to smart grids will be subject to similar scrutiny and the
effects of that scrutiny. An early example of the media influence on behaviour in the UK smart
grid transition is evident in the analysis of adoption data in reaction to the FiT policy presented
in Chapter 7.
3.4 Political change
There is some evidence that the speed of deployment of some household energy saving and gen-
eration measures is being affected by a change of emphasis in energy policy following elections
in 2010 and 20152. The tightening of financial constraints due to ongoing effects of the global fi-
nancial crisis in 2008 and a different view of the relative role that state controlled change should
play as compared tomarket forces have combined to alter energy policy. The changes in combi-
2 In 2010, the Labour government was replaced by a Conservative and Liberal Democrat coalition government,
followed by a majority Conservative government in 2015
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nation appear to amount to a change in focus. For instance, the FiT has been the subject of an
extraordinary review to reduce the level of incentive beyond the originally planned degression
(Hansard, 2011), with studies asserting that this will increase uncertainty and potentially inhibit
further adoption of domestic PV generation (Muhammad-Sukki et al., 2013).
In addition, the Carbon Emissions Reduction Target (CERT) and Community Energy Saving
Programme (CESP) schemes have been replaced with the Green Deal (DECC, 2012), which relies
on market mechanisms to a far greater degree with a corresponding reduction in money avail-
able to householders to introduce energy saving efficiency measures (Guertler, 2013). More re-
cently, funding for the Green Deal finance company has been withdrawn and the householder
improvement fund closed to new applications, apparently leaving the scheme as an assessment
framework only, with no government funding for energy efficiency improvements in the home
(DECC, 2015a).
The uncertainty and reviewing of policies related to smart grid and enabling technology con-
tinue. On the technical side, FiT levels continue to be reviewed threemonthly, and evidence from
other countries suggests thatmore changemay be in store – as Spain now charges consumers for
self-consumption of locally generated electricity and Germany is considering doing the same
(BMWi, 2014, read in translation). In addition, the UK Prime Minister recently announced a re-
view of all “green tariffs” that may add cost to domestic energy bills (EurActiv, 2013), reportedly
branding them “green crap” (Guardian, 2013). A further radical reduction in tariff is being con-
sulted upon in 2015.
3.5 Summary
The above review of policy affecting the (potential) transition to a smart grid in the UK describes
a complicated and interleaved portfolio. An analysis of the strategic reports and implementation
plans for decarbonised and smart electricity grids show that almost all have some common el-
ements. In particular, they all envisage a shift towards electricity as the primary fuel for heating
in buildings3, which will necessarily increase the load on the electricity network. The strategies
also envisage an increasing proportion of transport being via electric vehicles. This provides an
economic case for a transition to a smart grid, as smart use of the network could result in multi
3The envisaged shift to electrical heating is additionally supported by district heating / CHP fuelled by biomass
and waste DECC (2013c)
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billion pound savings relative to a naïve reinforcement of the network in a business as usual fash-
ion (Pudjianto et al., 2013). In addition, a political case for the transition to smart grids is being
generated in the EU, where directives mandating decarbonisation, smart metering and energy
efficiency oblige the UK to move at least some way toward a smart grid. Thus, it is reasonable to
conclude that the transition to a smart grid is an intended outcome of the policy landscape.
However, the description of the changing policy landscape in this chapter underlines its dy-
namic and uncertain nature. Policies designed to encourage smart grid transition are subject to
even larger scale changes such as political change at general elections and the global economic
crisis, both of which have caused change even during the course of this research.
This study is motivated by the lack of description of how the behaviour of those who use en-
ergy will contribute to, or detract from, the progress along any of those paths toward a smart
grid. Policy is designed to affect the behaviour of companies, households, communities and in-
dividuals within the UK. However, it is not obvious that explicit financial incentives (such as that
provided by the FiT) will be sufficient to prompt all of the various changes required in order to
meet the expectations of those policies. There is a considerable degree of uncertainty both in the
policy changes which may occur and the reaction of individuals to that uncertainty.
The policy which directly provides context for this study is the UK FiT. This is a policy de-
signed specifically to incentivise adoption of distributed small scale renewable generation – a
key component of most smart grid scenarios. The pattern of citizen reaction to this policy will
give insight into the way that human actors react to policy.
There is a growing literature on the subject of modelling energy systems under various poli-
cies and, in parallel, on behavioural change as a component of energy efficiency, energy demand
reduction and energy demand management. Both of these literatures are reviewed in the next
chapter. However, the combination of the two has been he subject of little attention thus far.
The combined application of a computer simulation model incorporating the behaviour of
agents to the investigation of transition paths in the context of the complex policy landscape
reviewed in this chapter is an area which has yet to be explored. The benefits of this approach to
understanding policy impact has motivated this study and led to the development of the model




Due to the multi-disciplinary nature of this research, the literature reviewed is drawn from vari-
ous disciplines including Science and Technology Studies (STS), economics, psychology, sociol-
ogy, computer science andengineering. Toaid in theorganisationandpresentationof the review,
the literature has been broken down into a number of sub-sections: study of transition in energy
systems (Section 4.1); differences envisaged between the present system and a future smart grid
(Section 4.2); research into domestic consumption in the context of a smart electricity system
(Section 4.3); studies of technology adoption (Section 4.3.2). A short synthesis of these sections,
outlining the conclusions and limitations of work that precedes this research project is provided
in the final sub-section (Section 4.4).
4.1 Transition in energy systems
Although transition to a smart grid is a recent concern, transitions in energy systemsmore gener-
ally have received increasing research attention over the past two decades. Prior work in general
energy systems transitions is reviewed first, followed by investigations of the electricity supply
system in particular and finally study of transitions to a smart electricity grid.
4.1.1 General
Study of transitions in energy systems are predicated upon the acknowledged need for transition
to a low-carbon or sustainable future state. The concepts of socio-technical regimes of opera-
tion alongside the landscape and niche concepts expressed in the MLP have been prominent
(Chapter 2). Other approaches have been used or combined with these, for instance innovation
network concepts have been integrated (Steward, 2012) and transition has been studied from a
Practice Theory perspective (Shove and Walker, 2014; Berkhout et al., 2004). Hughes and Stra-
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chan (2010) review methods used to produce scenarios and study transition pathways and note
the lack of consideration given to co-evolution of various factors in a low-carbon transition as
well as the lack of a clear representation of actors. This project aims to contribute toward ad-
dressing these limitations of previous work. The prospect of transition to a sustainable future
remain an active area at the frontier of transitions research, as developments continue to unfold
such as the increased prominence and economic attraction of shale gas (Cook and Langendahl,
2013); the various changes in attitude to nuclear power (Rosenbloom and Meadowcroft, 2014)
and the financial crisis (Geels, 2013). The landscape is far from settled.
4.1.1.1 Computer models of transition
Studies of transition have sometimes included formal (mathematical or computer-based) mod-
els to inform the analysis and add insight. ABMs have been present alongside systems dynamics
and some mathematical differential equation based models. The most full featured transition
ABM to date is the MATISSE model, implementing an extended MLP with agents representing
regimes andniches allowed to exist, grow, replace and diewhilst rather simple population agents
represent individuals, initialised with preferences and drawn to their nearest regime or niche
(Haxeltine et al., 2008; Schilperoord et al., 2008). One review notes that the models reviewed of-
fer a high level view of transition and that specific, localised models are needed (Holtz, 2011).
In particular, it is notable that the role of individual actors’ internal decision making process in
adopting technology is absent in these models – the frameworks instead concentrating on the
aggregate level. The current study uses a localisedmodel, informed by nationwide data analysed
on a local level to study the potential for transition under implemented and proposed policy
landscapes.
4.1.2 Transition in the electricity supply system
Within the study of whole energy system transitions, researchers have identified the electricity
supply system as a subject for study and it accounts for a large proportion of CO2 emissions e.g.
(Hammond and Pearson, 2013). There is little doubt that electricity supply systems have already
seen transition. Shackley and Green use the MLP to characterise a number of transitions in the
UK electricity supply system, viewing the 1980/90s ’dash for gas’ as a transition taking the formof
resource substitution in the context of a changeof political landscape includingprivatisation and
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liberalisation of the formerly nationalised industry (Shackley andGreen, 2007). Comparisons are
drawn with the Dutch electricity system, where Verbong and Geels found an ongoing transition
under way, with roots inmarket liberalisation and European harmonisation (Verbong andGeels,
2007). Both studies note that the electricity supply systemwas relatively stable prior to liberalisa-
tion (although neither consider the transition that occurred as the network itself was established
– highlighting the dependence on chosen timeframe for the results of transition analysis). Most
recently, using the case of Ontario, a study of transition in electricity systems encompassing the
entirety of its history has found that the move toward decarbonisation is likely to be politically
driven and that it is important to consider transition of the electricity system within the context
of broader energy system low-carbon transtion (for instance introduction of low carbon trans-
port and district heating) (Rosenbloom and Meadowcroft, 2014). The MLP is used as a frame,
althoughMeadowcroft’s previous criticism of its lack of explicit consideration of the politics sur-
rounding transition is repeated and the article concentrates on the political drivers of regime
change.
VerbongandGeels characterise themove towardsmoredistributedgenerationade-alignment
and re-alignment transition. This implies large and sudden landscape change (such as dramatic
shift of energy policy in this context) causing de-stabilisation of the regime and opportunity for
niche innovations. They note that a smart(er) grid is necessary for any envisaged change to a
low-carbon electricity system, but is most crucial to the de-/re-alignment pathway including in-
creased distributed generation (Verbong and Geels, 2007, 2010).
In the UK, characterisation of future transitions to an electricity supply capable of meeting
2050 lowCarbongoals hasbeenput into conceptual categories (Foxonet al., 2010) anddeveloped
into three pathways (Foxon, 2013). These pathways are
1. MarketRules -Market logic is dominant, low-carbon achieved by centralised nuclear, Car-
bon Capture and Storage and wind. Current regime actors remain.
2. Central Control - Government logic is dominant, with regulation becoming more impor-
tant and similar centralised low-carbon technologies.
3. Thousand Flowers - A highly decentralised vision, large quantities of distributed genera-
tion and with most reliance on a smart grid.
The pathways have been also been considered as a series of critical branching points, illustrated
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via a detailed comparison with the historical transition to supply of gas to homes (Foxon et al.,
2013). This research highlights the potential for the timing of critical events and the limitations
they impose to cause the system to become locked into a certain pathway, or to preclude one. For
the Thousand Flowers scenario critical events considered include the potential for the required
rate of distributed generation adoption contributing to failure of the pathway as the actors be-
come overloaded by the amount of change required. This is an possibility relevant to this study
as possible rates of adoption are examined.
Whilst transition pathways have been described and typologies of transition produced, they
provide only the framework for a systematic study of a transition that is, or may be, taking place.
The detail and dynamics of the transition itself remain an open area for study, to which this
project contributes. As Verbong and Geels put it:
“...these tools cannot predictthe precise development of future electricity systems, they can en-
hance the analytical depth and reflexivity in policymaking, especially by explicating the dynamics
of transitions and by opening up the (often hidden) choices at the third policy (paradigm) level of
general goals and strategies.”
Source: Verbong and Geels (2010)
In general, the role of the individual actor in socio-technical transitionshasbeengiven less at-
tention than the larger scale influencing factors andmeasured changes. However, Nye et al. take
a socio-psychological perspective on the subject, developing “a framework for analysing the roles
of domestic actors in the transtion to a lower carbon electricity economy.” (Nye et al., 2010). They
concentrate on the influence of domestic actors through repeated behaviours and consumption
habits, rather than as adopters of new equipment, concluding that:
“Our analysis confirms what is becoming an increasingly common position within policy and
practical circles: that shifting to more sustainable patterns of consumer electricity demand is as
much about a shift to more sustainable lifestyles as it is about the adoption and diffusion of new,
lower carbon technologies.”
Source: (Nye et al., 2010)
The basis on which the words “as much about” are used is not clear and could be viewed
as contentious given the relatively small changes observed in an experimental settings due to
behaviouralmeasures alone (see section 4.3). However, they draw attention to the importance of
socio-psychological factors in low-carbon technology diffusion – an insight that is incorporated
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into the modelling and analysis in this study.
The literature reviewed in this section shows that there is interest in study of transitions to
a low-carbon electricity supply system. Some view this as being under way, for instance citing
some evidence for divergence from the “locked-in” trajectory of reliance on fossil fuels (Carley,
2011), while others characterise the transition as remaining in the future (Foxon, 2013). All note
the crucial importance of policy goals in shaping such a transition. There is a lack of transitions
research into the current response to policy incentives for adoption across a range of low-carbon
technologies and how that response may be viewed as part of a system wide low-carbon transi-
tion . This is a gap which this study fills. Most studies acknowledge the necessity of a smart(er)
grid in these transitions, however it is further notable that a transition to a smart grid per se is ab-
sent from themajority of these studies. The research that has addressed smart gridmore directly
is considered in the next sections.
4.1.3 Transition to the smart grid
Where the transition to smart grid has been studied, it has usually been discussed as a small
component of a transition to a low carbon grid, for example in Foxon’s work described in the
previous section (Foxon, 2013). The smart grid and smart metering are given only one line in the
description of the scenarios: “‘smart grid’ technologies are needed to meet increasing amounts of
distributed generation” inMarket Rules andCentral Coordination, with a slightlymore ambitious
“50% distributed generation requires development of ‘smart grid’ technologies to handle two-way
power flows” in the decentralised ’Thousand Flowers’ pathway (Foxon, 2013). Foxon highlights
key risks to the smart grid dependent pathway:
• Difficulty in adopting distributed generation.
• Rebound effects, where savings made are used to increase overall demand.
Themodel developed in the present research project contributes toward investigating these risks
and their effect.
Verbong et al. (2013) consider the transition to smart grid directly. They highlight the impor-
tance of considering the (implicitly domestic) user when designing policy intended to promote
the transition to a smart grid – in particular advocating learning about social dimensions as well
as technological to avoid lock-in to a particular transition pathway.
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In other disciplines active in smart grid research, transition ismore implicit in the study than
the object of the study in itself. For instance, technology adoptionhas been studied in economics
(see section 4.3.2), but usually under rather strict conditions of ceteris paribus, working from the
assumption that a homogenous population will reach an optimum supply-demand equilibrium
under the actionof a freemarket, considering a snapshot in time rather than fromtheperspective
of being a component in system transition to a different operating mode.
There is a strong themeof smart grid research in electrical engineering that considers a transi-
tion to a smart grid as a technical change in order tomitigate the effect of electrification of trans-
port fleets andheating sectors as part of overall de-carbonisation strategies (Ganet al., 2011; Pud-
jianto et al., 2013). Engineering research also focusses on snapshots in time, sometimes under
a number of different scenarios of system change, and evaluate the impact from an engineer-
ing point of view once the change has occurred – human agency is absent or considered only
implicitly encoded as a demand profile. Where transition is explicitly mentioned in this disci-
pline, research identifies new roles such as prosumer and new technologies that will be present
in a smart grid, but does not consider how the change to a grid comprising these elements may
occur (e.g. Favre-Perrod et al., 2009). In particular, the concomitant social and cultural changes
thatwill benecessary to embed thenew technology and roles arebarely referencedbeyondbroad
economic incentives. The dynamics of how the change occurs (over the timescale of years) is not
addressed.
This review shows that the transition to a smart grid has been referred to as part of a low-
carbon transition and been implicit in research on smart grid economics and technology. Path-
ways to a low carbon electricity system have been studied, but research into pathways of tran-
sition to a smart grid in particular are largely absent. In general, research on smart grid futures
has centred around the definition of what a smart grid scenario will be. This is not surprising – a
vision of or expectation of future state has been described as intrinsic to social action and, there-
fore, that the production of such visions is inevitable for any innovation (Berkhout, 2006). For
Berkhout, these visions are actor and context specific, in some contrast to the usual transition
perspective of a collective, shared vision or goal. The method employed in this research allows
for individual expectations of adopting a particular innovation to be maintained (albeit limited
by their encoding as a number of variables in a computerised model) and examines whether a
collective vision, articulated by stated policy goals, is achieved. The next section describes the
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work to date on smart grid visions.
4.2 Visions of the smart grid
This section describes studies that produce static future scenarios in contrast to the previous
section considering transition toward them. The vision of a future smart grid is far from singular.
A recent report for amajor UK Research Council review and scenario development project in the
UK (www.smartgridscenarios.org.uk) begins with the observation that:
“Smart grids are expected to play a central role in any transition to a low-carbon energy future,
and much research is currently underway on practically every area of smart grids. However, it is
evident that even basic aspects such as theoretical and operational definitions, are yet to be agreed
upon and be clearly defined.”
Source: (Xenias et al., 2014).
A number of research projects have focussed upon projecting scenarios for future low car-
bon energy scenarios for the whole energy system. Smart grid components have been present
in the more recent studies, smart meters are noted as essential in the four scenarios developed
as part of government’s foresight report (Foresight, 2008; Foresight and Technology, 2006) and
the 2050 scenarios for the electricity network (Ault et al., 2008; DECC, 2010a). Gradually more
holistic ideas of smart grid – encompassing consumer interaction, distributed generation and
electrical transport and heating – have been included rather than simply smart meters (DECC,
2010a; Foxon, 2013; National Grid, 2013)
In the most recent project of this kind, (Balta-Ozkan et al., 2014), a variety of expert opinion
was combined to produce scenarios for the UK smart grid, including some pathway steps nec-
essary in order to achieve each scenario. The scenario constructionmethodology usedwas Field
Anomoly Relaxation (FAR) – used as it does not constrain the number of scenarios produced.
Four scenarios emerged:
1. MinimumSmart – substantial amount of flexible generation, passive customers, smarten-
ing only as and when required.
2. Groundswell – strong and growing interest in energy efficiency from customers, adoption
of distributed generation, new market entrants in supply and aggregation, policy led by
public interest.
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3. Smart Power Sector – consumers passive, policy led development of renewable resources,
innovation led from network operators, supply-side adoption of smart technology.
4. Smart 2050 – strong and sustained policy commitment to renewable energy, engaged and
active consumers, capital available at competitive rates.
Of these, theGroundswell and Smart 2050 scenarios contain the domestic demand side response
and device adoption considered in this project. The Groundswell scenario is congruent with the
smart grid element of Foxon et al.’s Thousand Flowers electricity system transition. A number
of workshops were conducted after the development of scenarios to understand the individual
and social impact of these scenarios. These found that Groundswell was by far themost popular,
with Smart 2050 next most popular, although it should be noted that the Workshop participants
had rather strong levels of interest in aspects of the smart grid before theworkshop (Balta-Ozkan
et al., 2014) Table 5, which suggest that the participants may have been somewhat self-selecting,
which in turn may influence this preference.
Engineering overviews have been provided, with estimates of monetary savings from imple-
menting smart grids as compared to using traditional (Business as Usual) methods of mainte-
nance and enhancement ranging from £8-20bn (Pudjianto et al., 2013).
Despite a lack of precise definition of any future smart grid, a number of common themes do
emerge in the literature. These include:
1. The availability of near-real time information about the consumption of any grid user and
the state of the grid itself.
2. The sharing of real-timeusage information in order to optimise thematching of supply and
demand.
3. A far greater proportion of electricity being generated by renewable sources.
4. Substantial movement of the transport fleet and heating sector to electricity.
5. A greater penetration of embedded renewable generation distributed around the grid.
6. The participation of demand to match supply, rather than the traditional methods of sim-
ply altering controllable (dispatchable) supply to match demand.
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A very common, although not ubiquitous, feature often allied to 2. above is time dependent
pricing of electricity consumption – referred to as real time pricing (RTP) where changes happen
quasi real-time, or Time of Use (ToU) pricing where time is divided into periods of several hours
with different pricing.
In this study, 1. & 2. are taken as likely to occur as the UK government has a policy to roll
out smart meters capable of both transmitting the information required and receiving informa-
tion about the system state as a whole (Davey and DECC, 2013). The potential transition to this
situation has received academic attention, with the merits of various strategies being evaluated
(Zhang and Nuttall, 2011).
Item 3. can happen at various scales, but as this study concentrates on the domestic scale
participation in the smart grid, further literature analysis concentrates on 5. (a greater penetra-
tion of embedded renewable generation distributed around the grid and ) & 6. (the participation
of demand to match supply, rather than the traditional methods of simply altering controllable
(dispatchable) supply to match demand.
4.2.1 Embedded / distributed renewable generation
Views of the smart grid generally encompass renewable generation which is connected to the
distribution network (embedded) and consists ofmany small generators spread through the net-
work (distributed). This feature of future smart grids has received considerable attention from
the electrical engineering point of view (Lidula and Rajapakse, 2011; Lilley et al., 2012; Platt et al.,
2012; Pudjianto et al., 2007). In these studies, the vital effect of intermittent unpredictable (mi-
cro)generation on networks is given rigorous treatment, bu the behaviour of their owners or op-
erators is absent. In their assessment of the potential to balance widespread PV adoption with
local CHP and storage, Balcombe et al. (2015) note that the National Gridmay start to encounter
problems in transmission network operation if PV capacity exceeds 10GW, although theNational
Grid document is worded in the reverse “Up to a penetration of around 10% of households or
10GW of generation, solar PV can be accommodated on the system without making the operation
of the transmission system significantly more difficult.”
Source: (National Grid, 2012).
Multi-Agent systems (closely related to ABM) have been proposed as onemethod to integrate
embedded renewable generation in a smart gird while providing demand-side management ca-
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pabilitites (Kok et al., 2010, 2006).
4.2.2 Managing embedded renewables via demand-side management / re-
sponse
Demand-side management (DSM) is a technique which could deal with the integration of high
penetrations of distributed energy generators via owner behaviour (at least in part). As such, the
literature on DSM is intrinsically linked with adoption of low carbon microgeneration as well as
smart grid technology more generally. Demand side management has attracted attention in en-
gineering (Kok et al., 2005;Openshaw, 2010; Pudjianto et al., 2013, 2007; Strbac, 2008), economics
(Faruqui et al., 2007) and sociology (Wilhite, 2008; Wilhite et al., 2003). The concept is simple to
describe, but almost certainly complex in implementation. In essence, it refers to enticing, or in
some cases instructing, a consumer to change their demand in response to a request (or com-
mand) from a centralised entity that has an interest in changing the aggregate demand (either a
supplier, or a system operator).
The form that the request takes could take multiple forms. To some degree, it is practised
today at a commercial/industrial level by means of contracts which allow for the supplier to en-
gage in load-shedding (instructing customers to switch off their load at certain times), but such
contracts are limited to large commercial consumers and the load shedding clauses are rarely in-
voked. In the smart grid, the intention is that contracts allowing suppliers, or intermediaries, to
alter demand will become far more widespread. The form of such alteration is also envisaged to
be less severe – thenorm is for incentive-based alteration, rather than automated remote control.
The latter, if implemented as a direct control, can be undesirable for ethical reasons, although
control with clearly enforced boundaries and retaining the potential for user override can allevi-
ate such concerns (e.g. Boait et al., 2013).
Practical experiments in demand-side response have formed a key component of the Low
Carbon Network Fund projects. These projects are industry led, but with strong academic re-
search elements. As yet, results are scarce, but plans show crucial roles for distributed generation
and smart management (Gan et al., 2011; Openshaw, 2010).
Demand response canoccur atmany scales, from large scale factories and foundries, through
commercial heating and storage at large and small scales, to domestic fridges and freezers. This
study focuses on the domestic scale.
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4.2.2.1 Domestic demand response in a smart grid
Demand response in the domestic sector specifically has been considered in studies of smart
grid scenarios. Studies have usually focused on:
• the implementationof TimeofUse tariffs as amethod to incentivise demand side response.
In essence, these make the electricity expensive when it is undesirable for customers to
consume and less expensive when it is desirable for them to do so
• the influence of more frequent / real-time information about consumption.
Reviews have shown that scheme effectiveness can me measured under two criteria – day-
on-day reductions and occasional reduction in critical peak demand.
The potential for such participation is seen to be 0-22% for day-on-day reductions and 10-
35% for critical peak reductions. However,many of these studies are rather small and it is notable
are mostly from the United States of America. This has implications as there are currently large
cooling demands in domestic US houses, which can be curtailed with a large effect, whereas in
the UK domestic air conditioning is virtually non-existent (Frontier Economics and Sustainabil-
ity First, 2012). Their have been two large scale UK trials conducted (EDRP and Northern Irish
Powershift trials). The design of the EDRP trials in particular make average and potential sav-
ings difficult to quantify in one number, however the indicative total annual savings induced by
providing real time information alone is around 4% (AECOM, 2011).
Although the savings potential in the UK seemsmodest, it should be viewed in the context of
policy objectives to increase high power load in a domestic setting (electric vehicles and space
heating) and introducemore flexible loads. In addition, the key enabling technology (smart me-
ters) are now mandated to be introduced. The incentive to take part in demand side response
schemes for the householder is envisaged to become greater under the pressure of increasing
energy prices (audit office NAO, 2013).
Given this potential for electricity demand reduction and the policies to introduce smartme-
ters alongside distributed generation, electric vehicles and electrical heating – the next question
to be asked is howwill humans interact with a smart electricity supply system. Research into this
area is presented in the next section.
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4.3 Effect of human behaviour on electricity demand
An essential component of any smart grid system is the ability to modulate electricity demand,
usually includingdomestic electricitydemand. This section reviews literature todeterminewhich
behaviours are most significant in changing domestic demand and themagnitude of change re-
sulting from those behaviours. Unfortunately, electricity demand is not easy for most people to
conceptualise. It has been noted to be “doubly invisible” (Burgess andNye, 2008) in that (1) elec-
tricity cannot be physically seen, but (2) neither is the link between the end of quarter bill and
the use of electricity very easily visible. This is viewed as a disincentive or demotivator in the
context of taking action to change behaviour with respect to adopting new technology or ways
to use it. Some researchers have investigated the effect of smart meters and in home displays
of energy consumed on removing one layer of such invisibility (Hargreaves et al., 2010) and the
energy change resulting.
Some empirical work has been done to measure the amount of consumption displaced (i.e.
moved frompeak times into timeswhen the overall grid is under less stress). This can be inferred
by the combination of a large reduction in peak demand coupledwith aminimal change in over-
all consumption (implying that the demandhas beenmoved, rather than cancelled). Tomeasure
this directly, however, is rather difficult. Smart devices to achieve this demand shifting have been
proposed and their potential modelled (Boait et al., 2013).
In the UK, the potential for demand reduction solely via the provision of information to the
customer has been found to be small. In early studies, the provision of direct information was
found tohavepotential to reduce total electricity consumptionby15%oreven20%(Darby, 2006).
Despite the large potential savings, notes of caution were present – Darby for instance notes that
in one study, consumption increased when householders were monitoring their consumption
daily without further information on how to save energy (Darby, 2006). More recent and larger
studies, however, have found more modest reductions. The Energy Demand Research Project
(EDRP) conducted a suite of trials providing information and a range of interventions in pur-
suit of demand reduction. Despite some flaws in experimental design, the results were analysed
to gain insight into the amount of reduction achieved (AECOM, 2011). Estimates of changes in
consumption achieved by simply providing information to be acted upon by householders have
varied. In part, this is due to how the change has been measured. Usually the studies are predi-
catedon thenecessity of reduction indemand, so that iswhat is tested for. Often, the reduction in
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peak consumption ismeasured. This is highlydependentonhow frequent the reduction requests
(peak tariffs) are and the exact tariff structure. Reductions between 0% and 38% are achieved in
small scale studies, while large scale studies in the UK have found that this reduction converges
at around 2%. Other studiesmeasure the change in total energy consumed over a certain period,
finding total annual consumption reductions between 0 and 22%, with the major UK EDRP trial
finding indicative reductions of 4% (Frontier Economics and Sustainability First, 2012).
In the US, Faruqui and colleagues have researched the impact of real time feedback on en-
ergy demand (Faruqui et al., 2010), the impact of dynamic pricing on demand (Faruqui and
George, 2005; Faruqui andSergici, 2010) and theethics of imposingdynamic tariffsonconsumers
(Faruqui, 2012) from an economically inspired point of view. After conducting a meta-analysis
of extant results in the US, they conclude that:
• Feedback and dynamic pricing have an effect on peak consumption power.
• Tariffs with Critical Peak Pricing (greater financial punishment introduced less often) pro-
duce a greater reduction in peak consumption (Figure 4.1).
• The reduction in peak consumptionwith the assistance of technology ismuch greater than
the response mediated by humans alone. (Figure 4.1).
Taken as a whole, the combination of the reviewed empirical work shows that simply providing
information about electricity use is not enough to effect large changes in the quantity of energy
used and achieve the operation envisaged in a smart grid. Estimates vary from almost no change
to 15% in the best case. Peak demand reductions aremore significant – particularly in the face of
highly punitive tariffs – however sustained large reductions are not seen without technological
assistance.
Faruqui finds that theprovisionof technology to assist in demandmanagement increased the
amount of saving potential. This leads to the conclusion that the adoption of technology to assist
householders to respond to real time information will be crucial to the development of a smart
grid. In addition – adoption of generation technology could offset large amounts of demand and
storage technology (whether purchased directly as storage or as a by-product of electric vehicles
or heating) could provide the potential to defer demand. This leads to the conclusion that focus
on changing repeated behaviour is likely to have lesser quantitative effect than on-off behaviour












































































































































































































4.3.1 Repeated behaviour vs one-off behaviour
Research into energy-related behaviour has usually been in the context of energy conservation,
given the overriding context of global climate changemitigation. Within this work, conservation
behaviour has generally been split into:
1. repeated, habitual behaviour adjusting or curtailing consumption (ongoing, repeated al-
tered behaviour).
2. purchase-related, technology choice or adoption behaviour (one-off, with associated pro-
cesses and effects).
What is clear from the research reviewed in section 4.2.2 is that the quantitative effect of change
of behaviour on a repeated or habitual basis is modest (∼2-4%) even in the presence of near
real-time information about consumption (Figure 4.1).
Purchasing and using new electrical equipment will affect a consumer’s use profile – possi-
bly significantly. A 4kWpUK solar panel installationwill, for instance, potentially provide around
3200-3800kWhper year (EST, 2015) – around80-90%of a typical householdconsumption (DECC,
2015b). While that overall balancemight suggest that PV adoptionwould reduce load on the grid
significantly, in fact the grid may see an increase in load as electricity generated when self con-
sumption isnotpossible (e.g. in themiddleof theday for aworkinghousehold)mustbeexported,
still requiring flow in the grid. This has the effect that PV adoption, in isolation, may not yield as
much demand reduction as the total generated would suggest (Glassmire et al., 2012). This ef-
fect can be particularly pronounced where PV adoption is clustered and large “reverse” flows
may be experienced. The widesperead adoption of PV panels can have a large effect both on
the quantity of electricity demanded from the grid and the shape of the demand profile (i.e. the
times at which the electricity is demanded). However – in combination with other technologies
such as smart controllers and storage (potentially in the form of EVs or heatedwater), significant
grid demand reduction for the household may be possible. This highlights the importance of
considering adoption of individual technologies within the context of a smart grid and system
transition.
The literature suggests that the effect of adoption has a greater lasting quantitative impact
on domestic demand profiles than purely repeated human behaviour change (pace Nye et al.
(2010)), even when the householder has access to enhanced, near real-time information about
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their consumption. Faruqui and Sergici (2010) found that where user behaviour did have signif-
icant impact, it was greatest when combined with technology (Figure 4.1). There has been some
evidence that the purchase ofmicro-generation devices influences householders to also partake
in repeated energy saving behaviours (Bergman, 2009), which serves only to reinforce the im-
portance of technology adoption in user participation within the smart grid. However, the two
modes of consumption profile change do not exist in total isolation from each other. Change of
habitual electricity consumptionmust be viewed in the context of other environmental actions,
including purchase related behaviours (Barr et al., 2005). Barr et al acknowledge the two differ-
ent types of householder behaviour and challenge the idea that these should be seen in isolation.
Taken in combination, the relative effect of pure behaviour change versus technology adoption
support the case for modelling technology adoption as a crucial component of transition to a
smart grid, albeit with the acknowledged need to include behavioural characteristics in such a
model.
Having reviewed views of the smart grid, research into the transition toward it and the poten-
tial influence of human behaviour within it, it can be seen that technology adoption is crucial to
domestic participation in and smart grid future.
4.3.2 Studies of low-carbon technology adoption
The adoption of distributed generation can occur across scales (Carley and Andrews, 2012) and
has been identified as a key component of change to the traditional hierarchical regime of elec-
tricity supply. (Carley, 2009). Rao and Kishore (2010) reviewmodels of innovation diffusion with
particular reference to low carbon technologies in the form of renewable generators.
The importance of diffusion in the context of a low-carbon transition is acknowledged and
examined, with a particular emphasis on the global nature of such diffusion, in a recent special
issue of Environmental Innovation and Societal Transitions dedicated to the subject (Rennings,
2014). The focus is on a different theoretical perspective on global diffusion (the Lead Market
theory), however the MLP is cited as a useful framework within which to analyse such diffusion
(Quitzow et al., 2014; Walz and Köhler, 2014).
It is notable that research into adoption has, in the main, focussed on empirical work. Data
from empirical studies has been used to inform the model design and evaluate its performance.
Although researchingwater saving environmental innovation, rather than low-Carbon electrical,
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Schwarz andErnst (2009) highlight the lack of diffusionmodels explicitly consideringdiffusionof
environmental innovations among individuals – noting the exception of Janssen and Jager (31st
march 1999) who use a social-psychological formulation for consumer decision making similar
to the method used in this study. Schwarz and Ernst (2009) further note that empirical research
regarding environmental innovations mostly focuses on energy consumption (e.g. solar energy)
and uses both Theory of Planned Behavior of social psychology and lifestyles.
It is clear from studies to date that factors beyond rational economic decisionmaking are ex-
tremely important in the process of households adopting renewable technology. In modelling
work, the “fashion effect” (adoption imitating local adoptions) has been found to be important
(Hamilton et al., 2009). Empirical social studies have investigated the barriers and drivers to
diffusion, finding low awareness of the technology alongside unwillingness or inability to pay
capital costs (potential lack of access to capital, via savings or loans), lack of understanding and
long payback periods to be barriers (Consumer Focus, 2012), whilst measures to help with cost
of installation (Consumer Focus, 2012), contribution to a better natural environment, indepen-
dence from supplier (Jager, 2006) and demonstrating environmental commitment (Balcombe
et al., 2015) have all been found to be drivers for installation. It should be noted that lack of ac-
cess to capital as a barrier means that the wealth of agents is important, rather than considering
economic factors as purely relating to payback (with the implicit assumption that capital can be
found, for instance via loans, where payback is sufficient). This is discussed further in section 7.4,
as household wealth is a parameter that appears to be important to the adoption process, but it
is not easy to gather direct data on wealth of households.
It is clear that factors other than the rational economicare important in thisdecision,which in
turn affects the type of adoptionmodels that are needed to understand response to policy. These
factors are effectively “rolled up” into the parameters of an S-curve model. If such a model is
foundnot to adequately describe adoptionof a givenproduct (as in the case of PVdiffusionunder
the FiT incentive), it is likely that the individual factors affecting diffusion should be examined
in a disaggregated fashion.
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4.4 Summary
The volume of recent literature reviewed in this chapter demonstrates the active research in-
terest in the transition of the energy system to a low-carbon system and, within that, potential
transition of the electricity network to a smart grid (Hammond and Pearson, 2013). There are
active calls for models to offer insight in addressing challenges to the the electricity sector in the
21st century, particularly the potential for transition (Pfenninger et al., 2014). To date, smart grid
research has focused on definition of future scenarios, however Steward warns researchers that
“The transition to a low-carbon society and green economy must avoid the risk of slipping into a
narrative of a destination rather the specific routes toward it.” (Steward, 2012). To this end, the
present study is directed toward understanding policy goals in terms of the routes toward smart
grid that they are intended to promote and to modelling for insight into those pathways.
The domestic actor has been cited as an important constituent of the transition to smart grid
(Verbong et al., 2013), but consideration of the individual actor within the electricity system un-
dergoing transition has been lacking (Hughes and Strachan, 2010). Repeated studies have shown
that purely manual participation in the smart grid, even in the presence of enhanced informa-
tion and dynamic pricing will produce relatively modest opportunities for demand-side man-
agement (section 4.2.2). On the other hand, adoption of new low-carbon technology (including
microgeneration) will causemuch larger quantitative change in consumption – Electric vehicles
and heating will introduce much larger loads (Winser, 2010; Pudjianto et al., 2013) microgener-
ators will introduce a significant, but inflexibly timed, curtailment of load (e.g Balcombe et al.,
2015; National Grid, 2012); and smart controllers with dynamic tariffs introduce the possibility
of moving those in time (Boait et al., 2013; Faruqui and Sergici, 2010). The literature shows that
when considering domestic energy use, the effect of change in the pattern of appliance use is
rather less significant than the effect of adoption of new technology (for example, distributed
generation, smart controllers or electrical vehicles)
Traditional aggregate models of innovation diffusion, applicable at large scale in many sec-
tors, produce S-curves of adoption emerging from the interaction of heterogeneous members
of an adopter population - but not modelling those interactions or the heterogeneity explicitly.
These models have been shown to have some weaknesses when describing adoption in a CAS
(Rogers et al., 2005). In the electricity sector, modelling of policy impact and future scenarios has
focused on large scale economic modelling or scenario building exercises. Suchmodels are lim-
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ited by their inability to account for non-economic factors, bounded rationality (lack of complete
information to the individual) and heterogeneity within the population Kiesling et al. (2012). It
is clear from the literature that factors beyond rational economic decisionmaking are important
in the adoption of the class of technology under consideration in this work.
There is a lack of research in the gap between developing smart technology devices and en-
visioning large scale smart grid scenarios, particularly with regard to how the technology will be
adopted. This PhD research contributes toward bridging this gap. Agent-based modelling has
been shown to be a useful technique to model the interactions and resultant system behaviour
within a complex system and to investigate transition. Chapter 5 explores the Agent-basedmod-




Having proposed the appropriateness of the ABM technique in the description of the theoretical
framework adopted (Chapter 2) and the focus of the modelling effort on technology adoption
behaviour (Chapter 4), this chapter contains a review of the ABM technique and its prior use in
the fields of technology adoption and the electricity supply system in general. The chapter con-
cludes with a summary of the review and the most recent antecedents of the work undertaken.
5.1 ABM in the electricity sector
In their general review of the state of the art in energymodelling for the 21st Century, Pfenninger
et al. (2014) view agent-basedmodels as “the most important” example of a model class that ad-
dresses the need tomodel across different scales anddealwith complexitywhenmodellingmod-
ern andproposed energy systems. Theynote the challenge to conventionalmodellingparadigms
posed by the need to resolve details in time and space when considering distributed renewable
generation and the incentives for it. Studies of microgeneration variability further highlight this
need, demonstrating that aggregate yields of domestic PV do not give a full picture of the com-
plexity of resulting demand profile and expected benefits of adoption to either the adopter or the
grid (e.g. Glassmire et al., 2012).
Over the past two decades, agent-based modelling has been used to model aspects of the
electricity sector. A number of reviews of this activity have been conducted (Sensfuß et al., 2007;
Weidlich and Veit, 2008; Zhou et al., 2007), the conclusions of which all point to the fact that the
majority of ABM activity in the electricity sector has been directed toward studying wholesale
market activity (see, for example Banal-Estañol and Rupérez Micola, 2011, Table 1). Firstly, ABM
was notably used by Bower and Bunn (2000) tomodel the newly liberalisedUKwholesale electri-
cal power market and has since been used to study wholesale market characteristics intensively
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in Australia (Chand et al., 2008), Italy (Rastegar et al., 2009), Germany (Veit et al., 2006) and the
US (Sun and Tesfatsion, 2007a).
In addition to the focus on wholesale market interactions, ABMs attempting to represent a
larger part of the whole electricity supply system via integration of a power flow technical com-
ponent have been developed. The two largest examples of this style are the AMES model (Koes-
rindartoto et al., 2005; Li and Tesfatsion, 2009) and the EMCASmodel (North et al., 2003; Veselka
et al., 2002) AMES is totally open source, whereas EMCAS is a commercial product. The ma-
jor use of EMCAS was in the study of the liberalisation of the energy market in Illinois in 2007.
Specifically, the study was to identify whether any single agent could exercise “market power”.
The final report from this application of EMCAS (Cirillo et al., 30th April 2006) shows that the
model of the transmission grid itself and the power flow was very detailed. EMCAS uses another
proprietary piece of software, PowerWorld, to simulate the electrical grid itself (PowerWorld cor-
poration, 2013). This contrasts with the AMES case studies available which, whilst using capable
DC-OPF power flow optimisation software, use a simple idealised transmission system of either
5 or 30 buses (Sun and Tesfatsion, 2007b).
The EMCASmodel appears to be the most detailed agent based model yet developed to rep-
resent an electricity market in combination with the physical network. In common with most
models developed using the ABM paradigm, the EMCAS final report cautions that the model re-
sults ’should be viewed as “descriptive” and not as “predictive.”’ (Cirillo et al., 30th April 2006). It
should be noted that the EMCASmodel was designed to study the effect of newmarket rules on
the electricity market – the technical system was modelled in detail, but was static at this stage,
representing the status quo. The EMCAS final report also shows that a large number of simpli-
fying assumptions were made with regard to agent behaviour, for instance consumers had no
reaction to price fluctuation.
The AMES model is less detailed than that of EMCAS and is squarely positioned as a tool
to analyse economic phenomena within the electricity market, particularly exertion of market
power and effects of employing Location Marginal Pricing – where price of electricity is intrin-
sically linked with local grid usage (congestion). At the time of writing, neither model has been
used to model the impact of increased renewable generation, storage and/or distributed gener-
ation on the network as a whole, although both have been referenced in regard to the possibility
of such research.
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Other models have been proposed using an Agent Based approach, such as the PowerACE
model (Sensfußet al., 2008; SensfußandRagwitz, 2008), inEuropeandNEMSIM inAustralia (Bat-
ten and Grozev, 2006; Chand et al., 2008). These models have been used to explicitly model car-
bon emission in the context of the electricity market, but are generally less developed than EM-
CAS and AMES. NEMSIM has apparently not been used in academic research since an attempt
to commercialise the framework while PowerACE continues to be used in academia (Michaelis
et al., 2014, e.g).
Recently, the CASCADE framework has been developed (Rylatt et al., 2013, 2015). The au-
thor of this thesis contributed heavily to the development of this framework and the research
described in this thesis represents one of its first applications. This framework is a step towards
addressing the need (identified by Pfenninger et al. (2014)) for a UK centred framework to go
beyond optimisation to representing complex interactions.
Pfenninger et al find that:
“Although work is happening on better understanding social and political constraints and un-
certainties in future energy scenarios, and on integrating these as well as behavioral aspects into
energy systems models, no UK-specific modeling work has been published in this area.”
Source: (Pfenninger et al., 2014)
The work described and model developed in this thesis seeks to remedy this situation (e.g.
Snape, 2013; Snape et al., 2015).
More recently, in addition to wholesale market modelling, ABMs have begun to be employed
inmodelling the electricity supply system at amuchmore local level. The potential tomodel de-
mand shifting in time in the presence of price feedback from system loadhas beendemonstrated
(Roscoe and Ault, 2010). The problem of instability identified in ABMs modelling such a feed-
back of system load to domestic consumers in the form of a real time price has been addressed,
either by damping the system, or decoupling the price from the incentive signal and introducing
a probabilistic response (Boait et al., 2013). ABM has also been used to investigate the detailed
electrical engineering questions arising from the proposals for micro grids and smart grids. Ex-
ploratory and proof-of-concept models have been produced to simulate the use of electric vehi-
cles as storage, taking into account driver behaviour and network power flows (Acha et al., 2011),
and to simulate the effect of managing load in isolated micro-grids (Boait and Snape, 2014).
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5.2 Learning and decision-making algorithms in ABM
Oneof thecharacteristicsofABMthatmakes it attractivewhenmodelling socio-technical changes
is the potential for the agents within the simulation to adapt over time, or learn. With this capa-
bility, the decision that an agentmakes, or the action it takes, can be different at different times of
the simulation, even given the same context. This is important in a range of ABM applications,
but is particularly useful in the context of technology adoption as agents who did not adopt a
product early in a simulation may well adopt it at a later point. The classic theories outlined
in section 2.5 model this as the likelihood of adoption depending on the overall proportion of
the population that has already adopted. This is a useful model, and can be implemented as an
ABM, but in the real world, people do not have access to the proportion of the population that
have adopted a product. Rather, they have access to limited information and heuristics. Rational
decision making in the presence of such limited information has been named Bounded Ratio-
nality (Simon, 1955).
ABM is well suited to model bounded rationality – any individual agent does not have ac-
cess to global simulation variables unless they are explicitly calculated and fed back to the agent.
Information available to the agent can be restricted by either the distance to other agents, or a
network defining those agents that communicate.
ABM allows the practitioner to model information pertaining to a decision and available to
each agent changing over time. It allows individual predispostions and beliefs affecting a deci-
sion to be encoded into the agents and the effects of each of these factors to be explored. Cru-
cially, it allows the factors to change over time, such that the computer agent displays a limited
form of learning.
Brenner 2006 provides a review of learningmechanisms used in Agent-basedmodels, includ-
ing a classification, or typology, of such mechanisms (Table 5.1).
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Table 5.1: Brenner’s classification of learning algorithms employed in Agent-based modelling.
Augmented and references added by the present author.
Source: adapted from (Brenner, 2006)
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In the electricity sector ABMs, reinforcement learning algorithms have received attention in
models of the wholesale market. The Roth-Erev reinforcement learning formulation (Roth and
Erev, 1995) has beenmodified to remove somemathematical deficiencies of the original formu-
lation and used to investigate Locational Marginal Pricing in the US (Illinois) (Nicolaisen et al.,
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2001). Q-learning (Watkins and Dayan, 1992) and Marimmon-McGratton reinforcement learn-
ing algorithms were used and compared by Guerci, who found that different formulations of re-
inforcement learning suited different assumptions about market participants. In the case inves-
tigated (an electrical power exchange) they concluded Marrimmon-McGratton was suitable for
simulating greedy sellers, where Q learning was more suitable for long term profit maximising
sellers. (Guerci et al., 2007, 2008a) A later work concluded:
“The three learning algorithms considered differ mainly with respect to the information made
available to them. Results pointed out that, irrespective of the behavioral model considered, com-
petitive market outcomes are similar.”
Source: (Guerci et al., 2008b)
Notably absent from this discussion of learning algorithms are:
1. Models based on psychological models beyond pure reinforcement.
2. Models including social learning (i.e. learning either directly or vicariously from others).
Thus far, ABMs describing elements of the electricity supply system other than the wholesale
market (sometimes with power flow constraints) are relatively less well developed. In particu-
lar, consideration of demand side behaviour is largely unexplored. Learning and behavioural
algorithms to simulate consumers (rather than wholesale market participants) have been un-
der explored. For individual consumers, often the decision-making algorithm used has implicit
learning (for instance uses of the Theory of Planned Behaviour), rather than the formalisations
described above. Thismay be due, in part, to the above algorithms focussing on a repeated game
form, where the exact same decision (price and quantity of bid) is repeatedly executed with free-
dom to change the output variables on a (quasi) continuous scale and rapidly repeating oppor-
tunities to learn and converge to an (optimal) equilibrium. In contrast, consumer behaviour,
especially the adoption decisions considered in this study are binary, are unlikely to repeated or
reversed (certainly in short tomedium timescales) and so the learning involved is usually vicari-
ous and involves changing of variables that are precursors to the decision, rather than the output
of the decision itself.
The model designed and implemented in this study employs the Social Cognitive Theory as
the basis of household agents’ decision making. This was chosen because it is rooted in theo-
ries of social learning. Literature indicates that this theory has not yet been used as the basis of
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decision making in ABM, but it is an appropriate model of learning and decision-making where
social learning by observation is believed to be an important factor. This modelling decision is
explained in detail in section 6.5.2.
In addition, the model explicitly allows for re-evaluation of constructs by the agent. This is
absent from a number of psychological models, where the action to be undertaken is deemed to
be completely specific in detail and time.
5.3 ABM in technology adoption and innovation diffusion
The potential of ABM for modelling innovation diffusion has been recognised for well over a
decade (Bonabeau, 2002; Garcia, 2005). Indeed, Hagerstrand’s seminal work on innovation dif-
fusion (Hägerstrand, 1965) has been characterised as an ABM (Bergin, 2012). ABM is particularly
suited to the study of innovation diffusion as the natural unit of analysis for the individual adop-
tion decision is the individual, yet we are usually interested in the behaviour of the population as
a whole. A number of example models have been provided, with initial focus on network effects
(Bonabeau, 2002).
One approach to modelling innovation diffusion in an ABM is to explicitly assign to agents
one of Rogers’ Diffusion of Innovation theory categories (Innovators, early adopters, early ma-
jority, latemajority, laggards). This assignmentmay be done probabilistically – according to well
researched percentages of the population that fall in each category (Schramm et al., 2010).
However, in the model developed here (Chapters 6 - 8), agents are specifically not initialised
asbelonging toanyof the classicRogers classes, rather the characteristics of agents are initialised,
individual decision making processes are simulated and the patterns of adoption over time are
observed. The S-curve characteristic of Rogers’ theory and Bass models is likely to emerge, par-
ticularly where agents are configured to be largely homogeneous and have perfect information
about their context.
Kiesling et al. (2012) review several studies of diffusion of innovation, noting the number of
environmental innovations studiedusing themethod. Theyfind that several applicationsofABM
to innovationdiffusion reveal problemswith aggregatemodels that are addressedby theABMap-
proach. In particular, they note that Zhang et al. (2011) find that aggregate formulations can be
inappropriate for environmental innovations due to slow take-off and diffusion discontinuities.
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The latter is particularly relevant to this work (see section 7.2.2). Kiesling et al find that many
studies report that ABM is a useful technique for modelling the diffusion of innovation. A large
number of diffusion ABMs focus on competitive situations and the likelihood of market domi-
nation, investigating reasons for competitive advantage. Diffusion of a single technology type as
a whole has received less attention. In the environmental innovation category - alongside spe-
cific low carbon electricity innovations (section 5.3.1) environmental innovations inwater saving
have been modelled in the German context, with results indicating that further diffusion in the
case modelled was unlikely (Schwarz and Ernst, 2009).
5.3.1 ABMinadoptionof lowcarbonelectrical technologyemploying learn-
ing and decisionmaking algorithms
There are very few studies that fall into this category. Despite the range of agent-based models
described in the preceding sections, only a handful look at adoption of low carbon technology
in the context of the electricity and still fewer in the context of a transition to the smart grid. EVs
have been the most popular low-carbon technology whose adoption has been modelled using
ABM (Higgins et al., 2012). In a scenario of competing electric vehicle technologies, a proba-
bilistic discrete choice decision model (Tran, 2012b) is employed and finds that the influence of
networks on adoption is significant (Tran, 2012a) and that barriers to EV adoption remain high,
with conventionally fuelled vehicles remaining competitive even in a situation where major in-
centives exist to promote the adoption of alternative fuel vehicles (Tran et al., 2012). This series
of papers does, however, find ABM to be a useful method for examining the adoption of electric
vehicles.
Tran et al’s work does not employ a named learning algorithm. One study does so (Zhang
et al., 2011) - using simulated annealing (SA) to represent manufacturers converging on opti-
mal EV design, although the empirical basis for either the reaching of an equilibrium or the use
of SA is unclear. In the consumer, however, decision making is based on a number of features
of the product in conjunction with weightings that the consumer assign to these features. The
weightings are assigned to a heterogeneous population in accordance with empirically derived
distributions . This allocation of weightings is a similar strategy to that applied in the model de-
veloped as part of the research described in this thesis (Chapter 6).
A series of papers examine the adoptionof pellet-basedheating inNorway, using a similar for-
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mulation to theonepursued in this study, highlighting the importanceof includingpsychological
insight into the influence of values on pro-environmental decisions (Sopha and Klöckner, 2011;
Sopha et al., 2011). The psychological basis for the decision model was the Theory of Planned
Behaviour, in this case augmented with social observation by the modellers to introduce an ele-
ment of social learning (Sopha et al., 2013). This series of studies also incorporates geographical
realism and uses households as the agent level of description. They find deviation from the pure
S-curves of adoption that the Rogers / Bass model would predict and hypothesise that this may
be due to incorporation of explicit household characteristics rather than a population wide clas-
sification into Rogers’ five adopter categories (Maya Sopha et al., 2011). They indicate that the
method is a useful way to combine empirical work andmodelling to inform policy.
ABMhas been usedmore recently to study PV adoption in Japan (Murakami, 2014) and Texas
(Robinson et al., 2013), investigating geographical distribution of adoption. In the UK, Hamilton
et al. (2009) used an ABM to investigate adoption of renewable technologies, focusing partic-
ularly on the importance of local observation, which they termed the “Neighbourhood Effect”
(Hamilton et al., 2009; Nuttall et al., 2009). In addition, Zhang and Nuttall (2011, 2007, 2008) re-
port on the diffusion of smart meters (a necessary precursor to a smart grid) in a short series of
papers, alongside Zhang’s PhD thesis (Zhang, 2011). Their work addresses a particular situation
where the technology (in this case a smart meter) is being accepted under conditions of almost
enforced adoption. The smart meters are to be rolled out to all households in accordance with
legislation (seeChapter 3). Themodel dealtwith the relative benefits of different policy scenarios
under those constraints, assessing in terms of speed of adoption, final market share of adoption
and adopter switching between suppliers (an indicator of ongoing competition). The modelling
performed by this research team is particularly relevant as an antecedent to the research under-
taken as a psychological theory (the Theory of Planned Behaviour) is used as a basis for decision
making and geography is introduced in one of the pieces of work (Zhang, 2011). They conclude
that theirmodel “supports anargument for a direct integration of social psychological theories and
agent-based computational simulation.” and show how the ABMbridges the gap between policy
intervention at macro scale and decision making at (relatively) microscopic level, both themes
which this work takes forward.
The work described in this section demonstrates that the use of ABM with a decision model
based upon psychogical theory is an active area of research, useful to investigate the spatial and
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temporal patterns of eco-technology adoption and PV in particular. The Theory of Planned Be-
haviour has often been the basis of the decision model, this work builds upon this work, while
taking a novel approach by using Social Cognitive Theory as the basis for decision making. The
reasons for using that model in particular are explored in more detail in section 6.5.2.
5.4 Summary
ABM has been used in the electricity sector, with the majority of applications concentrating on
wholesalemarket simulationswith somewhole systems approaches taking account of the physi-
cal network, such as EMCAS, AMES and PowerACE (North et al., 2002; Koesrindartoto et al., 2005;
Sensfuß and Genoese, 2006). These systems retain a heavy economics bias. A small number of
recent works have used ABM to investigate the potential for smart demand-side management
(Boait et al., 2013; Roscoe and Ault, 2010).
There has been relatively little ABM work on human behavioural effects on demand, or the
adoption of technology. In particular, the study of low-carbon technology adoption using Agent-
basedmodelling with learning agents has been the subject of relatively little exploration. Wood-
pellet heating has been the subject of modelling which is the closest to the modelling in this
project, showing that the method provides useful insight into policy and sustainability transi-
tions (Sopha et al., 2013). Photovoltaic adoption has been modelled using agent-based mod-
elling, but without the use of social learning agents (Macal et al., 2011; Robinson et al., 2013).
Electric Vehicles (Brown, 2013; Higgins et al., 2012; Tran, 2012a; Tran et al., 2012) and Smart Me-
ters (Zhang and Nuttall, 2011, 2007; Zhang et al., 2013) have received some attention in the UK.
These works form the most direct antecedents of this study.
Wheremodelling of adoption has explicitly considered spatial factors, use of real (as opposed
to representative) geography has been lacking within the electricity sector (note that Sopha et al
considered wood-pellet heating, rather than electricity related innovations). The interaction be-
tween adoption of multiple low carbon technologies within the same population has received
very little attention and no literature could be found that studied this using ABMs. Few stud-
ies of adoption have included resultant effects on consumption at the granularity studied in this
project. Thus, the literature reviewed demonstrates that transition to a smart grid is an active
area of research, that adoption of technology is crucial within that transition and that ABMs in-
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corporating learning anddecision-making algorithms to represent real-world agents (in contrast
to zero intelligence or totally rational models) can provide useful insight into that adoption pro-
cess.




Method: Analysis techniques andmodel
design
Bearing in mind the main aim of the thesis, it was essential that the method of investigation
allowed for the assimilation of large amounts of secondary data alongside the potential tomodel
scenarios and study their effects. ABM is suitable for this sort of study for the reasons already set
out in sections 2.6 & 5.4. The purpose of computationalmodelling in this research and the nature
of conclusions whichmay be drawn from it were outlined in the theoretical framing of this work
(Section 2.7) and this resulted in an iterativeworkflowbetween quantitativework and qualitative
analysis (Figure 6.1). In this chapter, themethods used to design and implement that model and
interpret its outcomes is described. This study takes an intentionally interdisciplinary approach,
using the household as a unit of analysis. The interaction of physical, economic and political is
played out at the consumer, in the household. The analysis does not endeavour to reduce the
household to either a purely social, financial or technological unit.
Themodel defined for thehousehold is intentionally rich. As themethodologybeing followed
treats the electricity system as a complex, adaptive socio-technical system, the factors that may
affect system behaviour are manifold. The methodological decisions and resulting design are
outlined in the sections of this chapter.
6.1 Parsimony, or rich description?
The usual engineering method of producing a model is to reduce the model to the most sim-
ple description of the system possible and gradually adding complication only when strictly
necessary. This method has been popularly branded “Keep It Simple, Stupid”, or KISS and has









































































good, if over-used, example of a model which turns out to be a simplification of a general case
but which remains useful is Newtonian mechanics. This reduced, simplified model allows us to
describe most moving objects we observe on earth and to design and manufacture extremely
complicated machines andmechanisms with confidence. We now know that to describe bodies
moving at sizeable fractions of the speed of light, Einstein’s relativity model is needed, but this
includes Newtonian physics as a subset in the range of conditions most people ever encounter.
So, the simple Newtonianmodel is useful and sufficient inmost circumstances. Obviously, New-
ton did not design his theories as a knowing simplification of amore complicated generality, but
it nonetheless illustrates the point that simple models can be very useful.
There is some resistance to slavish adherence to the KISS approach from researchers employ-
ing computational modelling in the social sciences and on social and socio-technical systems.
An alternative approach (Keep It Descriptive Stupid, or KIDS) has been proposed (Edmonds and
Moss, 2005). This approach attempts to describe the system under consideration in the richest
fashion possible, taking into account all available information about it – almost the reverse of the
KISS approach. It deliberately simplifies amodel only when there is good evidence to justify that
simplification. KIDS is proposed as particularly suitable where complex phenomena are evident
and computational power available. As argued in section 2.2, the electrical supply system ex-
hibits such characteristics and as such is amenable to beingmodelled using the KIDS approach.
As Edmonds argues in a development of this idea, simplicity is not, in itself, an indicator of
“truth” (Edmonds, 2007). Although simplification is used in some parts of themodel used in this
research, simplicity itself is not used to justify the veracity of themodels and, where complex and
rich encoding is necessary to describe the system, that is employed. As Edmonds andMoss note,
“Neither the KISS nor the KIDS approach will always be the best one, and complex mixtures of the
two will be frequently appropriate”. Such a mix is employed in the model described here.
6.2 FiT data analysis
Thedata on adoptionof renewablemicrogenerationunder the FiT is available to thepublic. Data
describing all installations prior to June 2013 were analysed in order to characterise the patterns
of adoption observed and to provide insight into relevant parameters and their values for the
ABM (see Chapter 7 for details). Statistical techniques employed included
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• importing the FiT database and census statistics into an SQL database to allow useful in-
terrogation.
• calculation of descriptive statistics for the FiT database and categories of interest.
• analysing adoption over time by means of creating a time series of adoption.
• developing a GIS system to calculate and visualise adoptions per sub-area of the country
• standard regression techniques to look for correlation between some candidate aggregate
variables (e.g. population density, indices ofmultiple deprivation) and observed adoption.
• designing a quantitative method to determine an appropriate spatial scale for modelling
(making use of ordinal pattern analysis - see section 7.7 for details)
6.3 ABMmethod
ABMdevelopment requires that consideration is given towhat constitutes an agent in themodel,
how the context in which the agents operate is represented, the appropriate temporal and spa-
tial scales formodelling and the algorithms governing how agents change their state and interact
with other agents. Themethods used to fulfil all of these requirements are detailed in the follow-
ing sections
6.3.1 Agency – what is an agent?
The nature of agency is far from a settled issue. The definition of agency for computer scientists
talking about Multi-agent systems (MAS)1 will typically be quite different from the definition of
agency for a sociologist discussing the role of agents within society. One example of a MAS defi-
nition of an agent is:
“An agent is a computer system that is situated in some environment, and that is capable of
autonomous action in this environment in order to meet its design objectives.”
Source:Wooldridge (2008, p. xi).
1 Multi-agent systems (MAS) are a similar, although not quite synonymous with, Agent-based models or simu-
lations. They use the same software building blocks – software agents encoded with specific behavioural models,
but used in a variety of contexts and with (usually) stochastic conditions and interactions. However, the MAS usu-
ally forms a system which is designed to accomplish a specific task, whereas the ABMmust model a system, rather
than be one.
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It is less easy to find such a concise definition from sociology2, but Giddens, for instance, in
a section defining agency within his structuration theory says:
“Actors not only monitor continuously the flow of their activities and expect others to do the
same, for their own; they also routinely monitor aspects, social and physical, of the contexts in
which they move”
Source: Giddens (1984, p. 5)
Thisdefinition itselfwouldbecontestedbyother sociology scholars, for instanceLatourwould
assign agency to both humanandnon-humanactors (e.g. Latour, 1987, 1992); the debate contin-
ues. The different notions of what constitutes agency and, thereby, an agent presents a dilemma
inmulti-disciplinary work such as this study. Within the ABM research community, definition of
an agent tends to be somewhat heterogeneous, apparently often governed by pragmatism.
For this ABM, agent will be taken to mean:
A software representation of any real-world entity that can react to the state of
the system as it observes it and change its behaviour accordingly.
This is quite awide definition of agent – it is purposely formulated to allow for the encoding of
automatic devices alongside humans and corporate agents, such as firms. In an ABM concerned
with the electricity supply system as it transitions to a smart grid, it is likely that all three of these
agent types will have significant roles in the behaviour of that system. Whilst the main agent
under consideration in this work is the household, it is important to retain the flexibility to en-
code other types of agent if the model is to have the capability to reflect the effects of household
behaviour on the system as a whole.
6.4 The CASCADE framework
As noted in the introduction, this research was undertaken within the CASCADE project3 (Rylatt
et al., 2013, 2015). As such, large parts of the CASCADE electricity supply systemABM framework
were developed by the author of this thesis. In the interests of clarity, where part of the CASCADE
framework not developed by the author was used in the course of this study, it is clearly refer-
2Onemight argue that a concise definition of agency is not the point of a sociological investigation of its nature
3CASCADE was an EPSRC funded project specifically to develop a smart grid ABM framework - grant num-
ber EP/G059969/1 http://http://gow.epsrc.ac.uk/NGBOViewGrant.aspx?GrantRef=EP/G059969/1. The
framework was subsequently developed under the AMEN project - again funded by the EPSRC under grant num-
ber EP/K033492/1 http://gow.epsrc.ac.uk/NGBOViewGrant.aspx?GrantRef=EP/K033492/1.
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enced to a paper by the author of that piece of code. All code for the adoption model and the
household physical model was developed by the author. Authorship of each line of code in the
CASCADE framework is recorded by the software version control systemwhere the framework is
published as open source code (at http://github.com/rsnape/CASCADE).
6.4.1 CASCADE ontology
TheCASCADE framework characterises the grid as three interacting systems, thewholesalemar-
ket, the physical network infrastructure and the supply anddemand required by users of the grid.
The concept of Prosumer agents and Aggregator agents is used to characterise the generic fea-
tures of, respectively, agents which have a physical grid connection (e.g. households, factories,
offices, power stations) and those which act on behalf of such agents in the wholesale market
(e.g. utility companies, industrial power purchasers, power station owners). The term prosumer
(after Toffler, 1981) has become common in literature describing future electricity supply sys-
tems, used to describe an agent which may produce or consume electricity. At either end of the
spectrum, a prosumer may be a pure generator (for instance today’s power stations), or a pure
consumer (such asmost households today). However, the prosumer abstraction allows for a rich
heterogeneity of agents (like a household with microgeneration, or a community level storage
facility) whomay produce, consume and store electricity.
The ontology used to describe the electricity system ismost easily described in two layers. In
one layer the threemodules interact by passing informationbetween eachother at each timestep
(Figure 6.2). The research described in this thesis utilises the supply demandmodule of the CAS-
CADE framework (see figure 6.2a); the Household agents developed are domestic prosumers,
which are conceptually located within the box at the bottom left of figure 6.2b.
At the same time, the entire framework is based on the behaviour and interaction of the
prosumer and aggregator agents. Each module of the framework will query different variables
within the agents at each timestep and then send different information to them. For instance,
the economic module would handle a market settlement agent querying an aggregator for its
net_demand and price variables and send back a clearing_price. The physical module would
query net_demand for eachprosumer and returnvoltageandfrequency. In this study,weutilise
the behavioural module, named the Supply/Demandmodule, which executes behavioural algo-
rithms in the agent andmonitors output decisions. The othermodules still run in the simulation
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(a) The dataflows betweenmodules in the CASCADE framework
Source: Rylatt et al. (2015)
(b) The components of the CASCADE framework and relations
between them
Source: Rylatt et al. (2013)
Figure 6.2: The three interacting modules within the CASCADE framework
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andwe can utilise their output (for instance using the physical module tomeasure total demand
across the population of agents), but the primary interest is in the supply/demandmodule.
A typical model agent population consists of one or more aggregators, each hierarchically
linked to thousands of prosumers. The prosumers may be linked by a network representing the
physical electricity grid, while in the case of more than one aggregator they can be linked by a
network representing economic or market links. The framework does not impose constraints
on how many agents or networks may be added to a model, although execution time imposes
practical limits.
The detailed features of the CASCADE framework and its characterisation of the electricity
supply and demand system are documented elsewhere (Rylatt et al., 2013, 2015). The use of the
term prosumer is to highlight the fact that as the electricity supply system makes the transition
from its current state to a smart grid, more and more erstwhile consumers will become both
producers and consumers of electricity – as is demonstrated by the adoption of PV on domestic
buildings.
6.5 The adoptionmodel
The adoptionmodel is configured as shown in Figure 6.3. It utilises some of the generic capabil-
ities of the CASCADE framework to automatically assign standard features to households (such
as the building physical model for a household and weather file handling) in order that demand
profiles can be generated to facilitate the calculation of expected benefit to the household as
part of the adoption decisionmodel. However the adoptionmodel itself and decision algorithm
(sections 6.5 – 6.7) was developed specifically for the research described in this thesis.
Of course there will be many thousands of households, rather than the illustrative 10 in fig-
ure 6.3. Each household agent holds a number of parameters described in the following sections.
These parameters are varied for the experimental work and results presented in chapter 8.
6.5.1 The Household agent
As mentioned in the chapter introduction, the household is the fundamental unit of analysis in
this study, chosen for three reasons:



































































































































































































































































































































2. existing data and models usually deal with the household as the lowest level unit. For ex-
ample, models to generate consumption patterns usually give consumption profiles per
household. Although some models exist which give consumption patterns at lower reso-
lution (e.g. per appliance), these are often aggregated to a per household profile for model
output and are usually only claimed to be useful at the per household level;
3. the household is the point in the systemwhere the different factors affecting consumption
most logically combine. When using the household as the unit of analysis and including
householder behaviour alongside technical characteristics for the household,models from
a number of disciplines may be employed.
The decision to use the household as the modelled agent can be considered in contrast to
using occupants as the agents. It imposes a potential limitation in the lack of ability to capture
the effects (if any) of intra-household dynamics on behaviour. However, for adoption behaviour
this does not appear to be significant. Inmost cases, appliances and artefacts adopted (PV in this
case, but also washing machines, heat pumps etc.) are adopted per-household, rather than per-
individual. The high level overview of the properties of the adopter agent is given in Figure 6.4,
with the detail of the specific psychological model used given in section 6.5.2 followed by detail
of the PV specific model in section 6.7.
6.5.2 Psychological models within household agents
Unfortunately, households do not lend themselves to intuitive description as having agency.
They are, generally, a collection of individuals, all of whom will have a greater or lesser influ-
ence on household decisions, all living with various physical artefacts. In modern households,
the individuals within themmay own various electricity consuming devices and the patterns of
consumption for those deviceswill be dependent on that individual’s lifestyle, needs anddesires.
This could be levelled as problematic given the decision to model at the household level.
However, in this study we are concerned with the decision to adopt infrastructural technol-
ogy, such as PV systems, or smart home controllers. In the case of electricity usage decisions,
there is some evidence to suggest that decisions aremost usually takenby a powerful dyadwithin
the household (for instance, the parents in a single family household) or a powerful individual







































































































































































































































































































































in Table 6.1) describe the behaviour of an individual. This presents a problem when applying
them to a model of domestic electricity consumption, where data are monitored at a house-
hold level. Work has been conducted (e.g. Thøgersen and Grønhøj (2010) in Denmark) which
has explicitly considered this issue and analysed electricity consumption and energy saving be-
haviours with the unit of analysis being the household whilst gaining empirical evidence of the
influence of intra-household factors on the behaviour. They found a high level of correlation
between survey respondents (usually spouses) within the same household. This suggests that a
reasonablemodelling approach is to use amodel frompsychology as themainmodel of decision
making within the household, albeit with a caveat that acknowledges the abstraction of a poten-
tially multi-person decision to a single person model. As will be shown later, this simplification
does not appear to substantially affect the ability of the model to describe various patterns of
adoption, including those observed in the UK for PV installations.
The decision to model household decisionmaking based upon an established psychological
theory having been made, the specific psychological theory used to represent behaviour in the
agents was selected. A number of psychological theories providing models of human behaviour
around decision making and behaviour change were reviewed (Table 6.1). The table is not in-
tended to be an exhaustive review of all theories of behaviour change (see, for example, Jackson
(2005) for a comprehensive review of behaviour theories with respect to pro-environmental be-
haviour). The selections in Table 6.1 are chosen to illustrate the variety of approaches available,
their similarities and differences and the implications which each may have if their constructs
are used to represent behaviour change in a computational model.
91
Table 6.1: Comparison of behaviour change theories






















Specific Linear Well supported applicability and
relative influence of constructs
in various contexts via extensive
meta-analyses. Extensively used
in the pro-environmental be-
haviour context. Theory of Rea-














Specific Linear Explicit consideration of habit
important in describing repeti-
tive behaviours.
Greater complexity of the model
– increases difficulty of encoding
and potential to introduce hid-









Specific Linear Well suited to programmatic
representation and well used
in computational agent based
systems. To some degree has be-
come de facto standard in ABM
(Elsenbroich and Gilbert, 2014).
Foundations in philosophy with
folk psychology terminology and
justification.
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Generic Linear Integrative theory drawing
on the New Environmental
Paradigm (Dunlap and Van Liere,
1978) and Norm Activation The-
ory (Schwartz, 1973). The con-
structed personal normmay
be used as a basis on which a
range of pro-environmental be-
haviours are enacted. This is at-















Specific Recursive Able to incorporate social influ-
ence, feedback from historical
experience and internal influ-
encers.
Has been applied to the diffusion
of technology innovations.
Habit not explicitly accounted
for.
6.5.2.1 Selection of Social Cognitive Theory as the pyschological model
The final decision to use Social Cognitive Theory (SCT) was taken as it had the following charac-
teristics:










Influence of / on others





Figure 6.5: Social learning theory, highlighting reciprocal determinism between individual be-
haviour, society and environment. After Bandura (1977, 1989).
pendence of the person, context (environment in his terms) and behaviour. e.g. (Bandura,
2001)
2. It explicitly considers repeated evaluation of constructs
3. It explicitly combines social factors with those endogenous to the person and structural
factors
4. Social learning is central to the theory and the role of agency within social learning is elab-
orated (Bandura, 2001).
In developing the SCT, Bandura drewonhis earlier work on social learning theory, which focused
on the reciprocity described in 1 above; this is often illustrated as a closed trianglewhere all three
factors mutually influence (Figure 6.5).
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He also placed emphasis on self-efficacy, a construct introduced in an effort to unite two
trends in research intobehavioural change: theory holding that cognitive processeswere respon-
sible for behaviour change alongside the practical observation that performance based proce-
dures most often successfully changed behaviour (Bandura, 1977). The thrust of the idea is that
a person’s perception of their own ability to enact a behaviour which may achieve their goal is
a major driver of whether they perform that behaviour. This perception of self-efficacy is in-
fluenced by a number of factors including the person’s own past success (i.e. reinforcement),
vicarious observation of others and environmental factors.
The combination of reciprocal determinism, self-efficacy and social learning resulted in the
elaborated SCTmodel (Figure 6.6)
Other psychological models have been deployed as, or served as inspiration for, models of
agent behaviour in ABM. Within the electricity sector, the TPB (Nuttall et al., 2009; Zhang and
Nuttall, 2011, 2007) has been used in this way, whilst Elsenbroich and Gilbert (2014) argue that
“The standard agent architecture of agent-based modelling is the Belief-Desire-Intention (BDI)
agent”, althoughmost models described in the literature augment the architecture in some way.
However, neither BDI or TPB have the combination of features described above that makes SCT
particularly suitable for modelling gradual change in agents over time leading to technology
adoption and observation of the overall effects of that on the system.
Use of SCT as the underlying model of behaviour in an ABM is a novel application of the
theory; SCT would more usually be used in an empirical study to interpret primary data gath-
ered from experiment participants (as has been done, for example, within the domain of pro-
environmental behaviour by Thøgersen and Grønhøj (2010)). The modelling employed in this
thesis uses the theory as a basis for a model of decision making and is not to be taken as an em-
pirical psychology study. Results from studies using SCT have been used to inform the model
design when mapping theory to variables and deciding values of parameters determining rela-
tive strengths of constructs and relationships.
6.5.3 Social modelling within agents: perception of others
In the ABM developed, household agents interact socially by observation of the actions of other
households. This mode of interaction was chosen in preference to a model of direct interaction














































































































































































































under consideration in the study would be far more widely observed than directly discussed. It
was also noted during literature review that several standard constructions of a simulated social
network to mimic the interactions in an ABM can prove to be unsatisfactory when compared
with real world social networks (Hamill and Gilbert, 2009). Thus, simulation of an explicit so-
cial network for direct communication between households was not undertaken and vicarious
learning via observation based upon geographical proximity was used as themodelled proxy for
social interaction. Without a large scale survey to determine true social networks, which would
be beyond the scope of this research, the geographical proximity is a reasonable proxy for social
interaction rather than a simulated but fictional explicit network. See Snape et al. (2015) for an
elaboration of this argument.
6.5.3.1 Influence of social learning
Social learning is a term which describes the process of adapting behaviour in response to in-
fluence from social contacts (e.g Wenger, 2000). It intrinsically links learning of new ideas or be-
haviours (or knowledge andactions) to the social context inwhich they exist andhasbeenused to
describe both SCT (Bandura, 1986) (unsurprisingly, as social learning theory along with the idea
of self-efficacywere fundamental precursors to SCT). In their investigation into the sociopsycho-
logical drivers of energy-use patterns, Nye et al. (2010) conclude that “...’social’ factors are central
to explaining patterns of aggregate electricity demand” and highlight the need for further explo-
ration in this area. One of the ways in which social factors can influence electricity demand is, of
course, via influencing technology adoption and it is investigation of this that forms the major
experimental part of this research (sections 8.3.2 – 8.3.2.4)
6.6 SCT algorithm
Thehousehold agent combines the constructs of the Social Cognitive Theory in its decisionmak-
ing algorithm. To operationalise this within the ABM, each construct (oval within Figure 6.6) is
givenanumerical value, andeachconnection in themodel (arrowwithinFigure 6.6) has aweight,
also a numerical value corresponding to the relative influence it has on the decisionmaking pro-
cess. The SCTmodel was programmed as follows. Let C be the set of constructs:
97
{OE = value of outcome expectation construct,
PO = value of perception of others’ behaviour,
SE = self-efficacy,
SSF = socio-structural factors,
G = goal,
B = behaviour,
OUT = outcome }
Then
ci : i ∈ C = construct weight for construct i
wi−j : i, j ∈ C = link weight between constructs i and j
Note that where a relationship does not exist in the SCT model (Figure 6.6), this can be rep-
resented mathematically by wi−j = 0. This technique may also be used where an experimental
setup wishes to exclude the influence of one construct on another.
The values are evaluated according to the pseudo-code algorithm 6.1 (a light grey line with
## at the beginning denotes a comment).
Algorithm 6.1 SCT evaluation algorithm
update cx from external factors ## (e.g. observation of neighbours, financial change)
## Calculate feedbacks to update the first level constructs with a weighted sum
cx :=
cx + Σ (cy · wx−y)
1 + Σwx−y
: x ∈ {OE,PO, SE, SSF}, y ∈ {OE,PO, SE, SSF,OUT}
## Update the value of goal construct, similarly with a weighted sum
cG :=
Σ (cx · wx−G)
Σwx−G
: x ∈ {OE,PO, SE, SSF}
## Update the value of behaviour construct, similarly with a weighted sum
cB :=
Σ (cx · wx−B)
Σwx−B
: x ∈ {G,OE, PO, SE, SSF}





This algorithm executes every time the decision process is called - values of constructs are
retained in the model object until explicitly set to another value (i.e. they are not all set to zero
at the start of each algorithm evaluation). The frequency of calling the algorithm is a parameter
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of specific scenario design. The variables which map to each construct in the first (update) line
of the algorithm depend upon the technology being adopted and the specifics of the experiment
being run. These details for the PV case are given in section 6.7 (Figure 6.7 in particular).
6.7 PV specific design
6.7.1 Decisionmaking algorithm
The decision making algorithm is triggered at a randomised time for each household, at which
point the household runs through algorithm 6.1 and adopts or does not. Figure 6.7 sets out the
programflow for thisprocess. The following sectionsdescribe thedetailedmappingof constructs
within the SCT to model variables.
6.7.2 Mapping the SCT to householder agent attributes
The household agent has variables mapped to the SCT constructs as shown in Table 6.2. Each
















































































































































































































































































































































































































































Table 6.2:Mapping SCT constructs to model variables
Construct Contributing factors Data basis (where applicable) Variable(s) in model implementation
Outcome
Expectations
Expectation that installing the technology will con-
tribute to avoiding climate change.
DEFRA (2008) microgenPropensity Based on Pro-
environmental behaviour categories.
Expectation that installing the technology will save
money on electricity bill
PV generation based on weather
file. Consumption profile based
on CASCADE standard models
Expected output given size of system
Expectation that the investment outlay will quickly
be offset by savings on electricity bill (i.e. perception
of payback period)
tariff levels, Energy Saving Trust
(EST) data on quotes over time,
EST data on average output for
PV systems (EST, 2012).
Payback period (noisy) calculation by
agent of expected monetary benefits (gets
quote, works out previous bill and there-
fore monthly benefit & payback period
based on tariff at installation time)




Perception of number of people having solar panels
installed Calculated within model
Fraction of neighbours with PV panels
installed
Perception that people are having solar panels in-
stalled because of the money they will be paid for
the electricity they generate
Perception that people are having solar panels in-
stalled because they care about reducing climate
change
Self-efficacy
Internal belief in the ability to have the technology
installed
DEFRA (2008) Based on Pro-environmental behaviour
categories.
Perception of the ease with which others have in-
stalled the technology.
– Not explicitly modelled in this implemen-
tation




Building size (is there enough space to install a vi-
able PV system)
Typical capacities from Ofgem
(19th April 2013) see Chapter 7
pvCapacity variable set at model initialisa-
tion
Buiding orientation (is there a roof facing between
SE and SW).
pvCapacity set to zero to model unsuitable
house orientation
Tenancy – owner occupier / private rented / social
housing etc.
Census data for percentages of
each category in target area
For the purposes of this study, non-
owner occupiers considered simply “non
adopters”
Household income bracket Drawn from national income
statistics
available capital for PV investment
Goal Desire to adopt technology (PV) – internal construct value within model
Behaviour Procuring the technology and having it installed. – Agents have a threshold based on pro-
environmental category. If this is ex-
ceeded, the agent will get a price and, if
sufficient funds, procure.
Outcomes
Money saved on electricity calculated by the CASCADE
model
Difference between total energy bought
from the grid before and after adoption
Perceived ease of installation – Not implemented in this model
6.7.2.1 Outcome expectations (cOE)
The outcome expectations for installation of technology are determined as a combination of the
following factors
1. Expectation that installing the technology will contribute to avoiding climate change.
2. Expectation that installing the technology will save money on electricity bill
3. Expectation that the investment outlay will quickly be offset by savings on electricity bill
(i.e. perception of payback period)
These factors are combined in the ABM decision algorithm as follows. Firstly, each agent is as-
signed a number characterising their propensity to take action to avoid climate change. Theway
that this number is determined varies over the suite of experiments undertaken, from a fixed
value for all agents to a biased random assignment based on the pro-environmental behaviour
categories defined by DEFRA (DEFRA, 2008). This parameter corresponds to expectation 1.
The agent perceives the likely economic savings as follows. The price of photovoltaic cells is
part of the context of the simulation. Any agent can request a price to install PV of a given size,
this will be returned as the price to buy the PV cell, plus a randomly selected percentage profit
and installation cost. In this way, agentswill experience heterogeneous installation costs, but the
average installation cost will movewith the price of the PV equipment. Similarly, they can obtain
an expected saving – this will take into account the orientation of their property (the latitude is
considered the same for all agents as themodelled geographical area is quite small). This will be
as per the EST estimated saving, but will be subject to error. This corresponds to expectation 2
above.
Armedwith the above variables, the agent can estimate their perceived payback period as the
cost of installation divided by their estimated saving on their bill. This may not, of course, turn
out to be accurate. This corresponds to outcome expectation 3 in the list above.
Each agent is assigned an economic sensitivity, which governs the importance, or weight,
they give to economic savings (expectations 2. & 3.).
Thus cOE is determinedas adynamic calculationof the economicbenefit of installingPV (Fig-
ure 6.7) multiplied by the economic sensitivity of the agent (also based on the DEFRA categories
as they describe the economic sensitivity for each category) and the decision urgency (calculated
within themodel - see section 8.3.1 for details of calculationmethod in the scenarios simulated).
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6.7.2.2 Perceptions of others’ behaviour (cPOE)
Households’ perception of others’ behaviour for the PV system is considered as having the three
components:
1. Perception of number of people having solar panels installed
2. Perception that people are having solar panels installed because of the money they will be
paid for the electricity they generate
3. Perception that people are having solar panels installed because they care about reducing
climate change
It should be noted that component 1 and components 2 & 3 simulate somewhat different
mechanisms. The former is entirely vicarious – it is easy to observe a solar panel on someone’s
roof without having to know them or engage with them in any direct way. The latter two rely on
some degree of direct communication where one or more agents communicate their own pa-
rameters to the observing agent. Direct communication between agents is not utilised in the
experiments presented in Chapter 8, in order tomaintain the tractability of interpretation. Thus,
perception of others’ behaviour is modelled as the observation of others’ PV installations within
the radius that they observe (set at simulation start). This influence on adoption is similar to the
“Fashion Effect” identified by prior research into agent-based models of renewable technology
adoption (Hamilton et al., 2009; Nuttall et al., 2009). The value of the perception of others’ be-
haviour construct (cPOE) is thus varied by altering the radius within which each agent observes
neighbours.
6.7.2.3 Self-efficacy (cSE)
Self efficacy is determined as a combination of
1. internal belief in the ability to have the technology installed
2. perception of the ease with which others have installed the technology.
The perception of ease with which others have installed the technology is captured by the
observation of number of installations in the neighbourhood as described in 6.7.2.2 and not
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separately modelled in the experiment conducted for this thesis. The internal belief is deter-
mined at simulation initialisation, assigned from a random distribution weighted by the agent’s
pro-environmental behaviour category (ability to install was one of the measured variables in
the DEFRA study to determine pro-environmental behaviour categories and is therefore used
here).Thus cSE is determined by the economic ability variable set at initialisation.
6.7.2.4 Socio-structural factors (cSSF )
Both structural and social considerationsmay be perceived impediments or facilitators for tech-
nology adoption. Specifically, in this research these are:
1. Building size (is there enough space to install a viable PV system)
2. Building orientation (is there a roof facing between SE and SW).
3. Tenancy – owner occupier / private rented / social housing etc.
4. Household income bracket
These factors are implemented in the model as boolean variables, rather than on a sliding scale
of influence as in the previous factors. Thus, if the household size or orientation is not viable,
PV adoption cannot take place. Similarly, if the tenancy is not owner occupied – the household
agent itself cannot decide to adopt. If the income bracket is too low (taking into account the level
of investment required) the technology cannot be adopted.
6.7.2.5 Goal (cG)
In the context of this study, we are interested in one goal of each agent: to adopt a particular
piece of technology (i.e. a PV panel). Note that this is distinct from the behaviour of procuring
such a piece of technology and having it installed – other factors can affect this as per Figure 6.6.
cG is an endogenous model construct, which is not determined by any further parameters, but
calculated according to algorithm 6.1.
6.7.2.6 Behaviour (cB)
Procuring the technology and having it installed. This is the action taken by the agent if the other
factors combine to mean that the threshold for installation has been reached. cB is the ultimate
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result of the combination of factors from the SCT algorithm (6.1), which is then compared with
a threshold value to determine whether the technology is adopted. In this study, the threshold is
a hard threshold.4
6.7.2.7 Outcomes (cOUT )
The outcomes represent the evaluation of the behaviour as perceived by the household agent.
The feedback from these into the other constructs constitutes a form of reinforcement learning.
The outcome is aweighted sumof the following factors, which are calculated from the CASCADE
demandmodel. Thus cOUT is measured as the economic benefit of installation.
The model has been implemented with that capability to include more factors in the cOUT
construct, such as the ease of installation or perceived functioning of the technology. However,
the decision beingmodelled here is a one off adoption. Having adopted a PV system, the house-
hold does not re-evaluate the adoption decision as the timeframe of the simulation scenarios is
too short to realistically require further adoption.
Therefore, cOUT is measured as economic benefit and feedback effects from the ease of in-
stallation or perceived function are not considered.
6.7.3 Aggregator agent
Although the aggregator agent is not themain focus of this study, it nonetheless has an important
role to play in the overall systemmodel. The aggregator agent used follows the design presented
in Boait et al. (2013). In this model, its function is essentially to sum the demand of prosumers
and thereby provide aggregate output variables for the model.
6.8 Summary
Themethod of investigation includes statistical analysis of FiT installation data (6.2) in conjunc-
tion with the development of a computational model to simulate adoption. An ABM (6.3) has
been developed within the CASCADE framework (6.4.1) to simulate technology adoption in the
smart grid (6.5), using thehousehold as the adopting agent and fundamental unit of analysis. The
4The model has been implemented to allow for probabilistic adoption based on the comparison of cB with a
threshold, but that is beyond the scope of this study)
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model incorporates human behaviour alongside technical and economic benefits of the tech-
nology via use of the SCT model within agent decision making (6.5.2 & 6.6). The mapping of
household characteristics to SCT constructs was performed as outlined in section 6.7.
The data analysis and results are described in Chapter 7, followed by specific parameterisa-
tions of the model and their results in 8.
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Chapter7
Analysis of empirical data
The data to inform the parameters required in the model and the likely values they could take
were gathered fromanumberof sources. Quantitativedatawereobtained fordemographic infor-
mation, installations under the FiT, energy consumption in various geographic regions, typical
weather conditions at certain sites in the UK and solar irradiation for the purposes of estimating
PV performance. Each of these was analysed and combined in order to estimate the effects of
various parameters on the adoption of smart grid enabling technology (specifically distributed
renewable generation). In addition, secondary qualitative data on factors affecting personal de-
cisions whether to adopt technology were gleaned from the literature and used to inform the
model algorithms.
This chapter describes the data obtained and themethods used to cleanse (where necessary),
query, analyse and combine datasets in order to get a comprehensive picture of the UK situa-
tion with regard to distributed renewable generator installation. Each dataset is treated in turn,
followed by a section on the combination of datasets and finally the conclusion of this chapter
describing the implications that it has for the modelling work in hand.
Data is for Great Britain only – despite some data sets describing the whole United Kingdom
(GB and Northern Ireland), Energy policy is a devolved power held by the Northern Irish Assem-
bly and at present FiTs are not available in Northern Ireland, where domestic PV have continued
to be registered for ROCs.
7.1 FiT registered installation data
The quantitative data for the domestic PV adoption case study used in this research were ob-
tained from the FiT registration database maintained by Ofgem (Ofgem, 2013a)1. The analysis
1For the initial analysis, the data were obtained via the Renewable Energy Foundation database (REF, 2012)
as they were not available from Ofgem, but were latterly obtained directly from Ofgem (Ofgem, 2013a). The two
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reported here was conducted in September 2013, and includes data from April 2010 – June 2013
(the data available at that point). Subsequent data and comparison between observed subse-
quent data andmodelled adoption are discussed in Chapter 9.
The data were imported into a MySQL database, allowing complicated queries to be run on
the data using theHeidiSQL front end (Becker andDev Team, 2013). Statistical analysis and plot-
tingwas performed in theR statistics package (RCore Team, 2013) using theRJDBC library to link
betweenRand the SQLdatabase (Peidro et al., 2004). In addition, a number of Python (PSF, 2011)
scripts were used to perform time-series analysis on data. Finally, MapWindow GIS was used to
prepare the geographical visualisations of data and code any GIS scripts necessary to undertake
the analysis (MapWindow GIS Team, 2011). The method for each stage of analysis is described
below, with detailed SQL statements available in Appendix B and code listings available in Ap-
pendix C.
7.1.1 Initial data characterisation
The data consist of one row per registered installation. The basic characteristics of the database
are presented in Table 7.1 and Table 7.2 below. It is immediately obvious that the installations
registered for the FiT are dominated by photovoltaic installations with 98.6% of the records in
the database referring to such installations).
7.1.2 Data anomalies and treatment
FIT_ID duplication The data contained a number of rows which share the same fit_id. In-
spection of instances where multiple data rows shared the same fit_id revealed that they de-
scribed a situation where the same FiT application has been used to cover installations with dif-
fering commissioning dates. There were 4267 fit_id’s withmore than one data row – themajor-
ity of these refer to 2 data rows, whilst the largest encompasses 12 data rows. In total 9086 rows
were affected by fit_id’s covering multiple data rows, 2.2% of the total database2. For the pur-
poses of this analysis, each row is counted as a separate installation – however it is acknowledged
that those sharing the same fit_id are likely to be related in some way – for instance covering
two installations on the same property.
databases are substantively the same, with the only differences being in presentation.
2See Appendix sections B.3 & B.4 for SQL to repeat this analysis
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Table 7.1: Description of FiT database (See Appendix section B.1 for SQL)







Table 7.2: Available fields in FiT database (See Appendix section B.2 for SQL)

























llsoa_code varchar 9 Not applicable in Scotland
Geographical information The database has multiple granularities of geographical informa-
tion, the coarsest being the country in which the installation is situated. In descending order
of granularity, geographical information available is the Distributor ID (1st two digits) from the
Meter Point AdministrationNumber (MPAN), local authority, postcode district and finally Lower
Layer Super Output Area (commonly referred to as either LLSOA or LSOA) - see Figures 7.1a &
7.1b for illustration of two of these scales.
120 data rows contain no geographical data whatsoever. Inspection of these reveal them to
be distributed across application and commissioning dates and installed technology types. The
reason for these anomalies is not known and these rows are necessarily excluded from any geo-
graphical analyses.
8015 data rows (2.0% of database) contain no geographical information beyond the MPAN
distributor ID of the meter involved. These are excluded from any GIS analysis which is not
specifically concerned with DNO areas.
LLSOA codes apply only to England and Wales – installations in Scotland have llsoa_code =
“N/A” in the database. Note that this is distinct frommissing information.
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Although the overall number of records without geographical information is not particularly
high, the possibility that they are concentrated in certain areas cannot be excluded and intro-
duces a small amount of uncertainty in the GIS analyses presented. As the missing geographical
information is a small proportion of the database the projected uncertainty will not have signif-
icant effect on the conclusions drawn.
Reporting accuracy The data in the installation report are based upon information reported
by renewable technology installers. As such, they are subject to the fallibility of any self-reported
system, including accidental error and potential deliberate falsification. The installers who reg-
ister installations are accredited by the Microgeneration Certification Scheme (MCS), providing
some protection against these effects, however it is acknowledged that there may be some un-
certainty associated with data input error. It is considered that the likely effect of such error will
be small and distributed across the data set.
Differences between installed capacity and declared net capacity Some installations have a
difference between the installed capacity and the declared net capacity. This difference is usually
small.
In a very small number of cases – the declared net capacity is greater than the installed ca-
pacity. This case is obviously an error, affecting 175 records in the database (0.04% of database)
all of which are photovoltaic installations. Upon inspection, is simply a rounding error with no
record exhibiting such an erroneous difference greater than 0.01kWp.
14480 records show a declared capacity somewhat less than the installed capacity. Of these
547are fornon-PV installations. Within the139333 PV recordswith a lowerdeclared capacity than
installed, the minimum difference is 0.01kW, the maximum 998.53 kW on a large commercial
installation.
In the rest of this analysis – where capacity is discussed, it is the declared net capacity that is
used in calculations rather than the installed capacity as it is this capacity which will be relevant
to smart grid operation.
Changesbetweenreleasesofdata Thedatabase forFiT installations is releasedevery3months.
In some releases, records which were present in a prior release are no longer present in the sub-
3See Appendix section B.5
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sequent release. It is not clear why this would occur. For instance, a comparison between the
30th June release (Ofgem, 2013a) and the 31st March release (Ofgem, 2013b) in 2013 revealed 421
rows that were present in the 31st March database but were either changed or missing in the 30th
June database4. An examination of these rows shows no obvious connection between them. It
is possible that they represent corrections to earlier input errors as referenced in section 7.1.2 –
there is a mechanism by which microgeneration certificates, which form the basis of the data,
may be amended (MCS, 2013).
7.1.3 Effect of changes to classifications over the lifetime of FiT
Some of the policy changes discussed in Chapter 3, mean that the allowable data values in some
of the fields has changed over time. In particular, the tariff bands for photovoltaic installations
changed significantly on 3rdMarch 2012, introducing themechanism to vary PV tariffs separately
from other types ofrenewable generators as well as reclassifying the capacity boundaries for PV
installations (Ofgem, 2013c); Tariff Table 1 August 2012. From1st December 2012, the regulations
regarding installations registered as community installations changed significantly – with such
installations attracting a different tariff to similar installations registered as commercial or do-
mestic and, where they are attached to a building, requiring the building upon which they are
installed to achieve at least a “D” rating for energy efficiency on its Energy Performance Certifi-
cate (EPC) (Ofgem, 2013d, paragraph 2.78). More recently, proposals have beenmade to increase
the capacity threshold for such installations beyond 5MW(DECC, 2013c;UKGovernment, 2013).
The effect of these changes can be clearly observed in the database – and are dealt with the
in the analysis where necessary.
7.2 Extraction of data for PV case study
The database was queried for installations of type photovoltaic only (Table 7.3). This shows that
in terms of number of installations, the PV domain is dominated by domestic installations. In
terms of capacity, domestic installations still form the vast majority of the capacity, however
commercial non-domestic installations are significant – contributing just over 20% of the ca-
pacity. This is not surprising, as it is likely that commercial installations will be on a larger scale
4See Appendix section B.6
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than domestic installations. A typical roof face suitable for PV installation might be around 30
m2, with PV panels typically generating just over 100Wp/m2, resulting in ∼3kWp installations
on domestic dwelling rooftops. The data show that the average domestic installation declared
capacity is 3.27 kWp, whereas the average commercial is 35.7 kWp.5
Table 7.3: Basic description of photovoltaic installations registered for FiTs
Type of installa-
tion





















7.2.1 Distribution of PV installed capacities
A histogram (bin width = 0.05 kWp) of installation capacities reveals the distribution of installa-
tion (Figure 7.2).







































































































Plotting a similar distribution for domestic installations (Figure 7.3) shows a distinct peak
at 4kWp installations – this is predictable as there has been a sharp decrease in tariff rate for
installations with a capacity higher than 4kWp since the introduction of the FiT. The data show
there to be a small number of very high capacity installations registered as “Domestic”. It is not
clear whether these are in fact data errors, or represent unusual cases such as home-owners with
large areas of land installing large systems
Figure 7.2: Histogram showing the distribution of PV installation capacities
Figure 7.3: Histogram showing the distribution of domestic only PV installation capacities
It can be seen that the distribution of declared capacities is clustered around quantized steps
(which is to be expected as installationswill tend to be a certain number of commonpanel sizes).
Descriptive statistics for the declared net capacity of domestic installations as of June 2013 con-
firm that the notable peak is at 4.0 kWp, with both mean andmedian capacity are both just over
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3.0 kWp (Table 7.4). These observations are used to parameterize the capacity of installations in
the adoption model developed during this research.
Table 7.4: Descriptive statistics of domestic PV installation capacity
Minimum capacity 0.100 kWp





The modal value is 4.0 kWp with 37611 installations being declared at 4.0 kWp exactly; 74222
with 3.9 < declared_capacity <= 4.0 kWp.
7.2.2 Temporal distribution of PV adoption
Examinationof thepatternof adoptionover time is crucial tounderstanding the transient effects,
both positive and negative, of such adoption on the electrical distribution grid. Both cumulative
adoption and rate of adoptionwere examined using three different temporal granularities (daily,
weekly andmonthly). Thesewere examined forbothnumberof installations andcapacity and for
domestic only aswell as all photovoltaic installations. The time serieswere constructed using the
installation_datefield from thedatabase (rather than the FiT registrationdate as installations
may be registered long after they are installed).6
Inspection of the time series revealed a number of interesting phenomena. Firstly, the ap-
propriate timescale over which to consider the series was determined. If the series are plotted
daily (Figure 7.4 (top)), a rather uninformative weekly pattern of fewer installations over week-
ends is observed – this will occur for trivial reasons due to the typical working pattern in the UK.
Therefore further analysis does not consider the daily pattern of adoption.
However, themonthlypatternof adoption (Figure7.4 (bottom)),whilstwidelyused ingovern-
6Note that preliminary accreditation - introduced 2012 for ROO-FIT (>50kW) installations does not concern us
in this study as they do not affect the vast majority of domestic installations
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ment reporting, smoothes some important features of the time series, not capturing the sharp
spikes which occur, apparently in response to some event. Therefore, further analysis of time
series in this study will use a weekly timestep (Figure 7.4 (middle)) unless explicitly specified.
It is immediately noticeable that the rate of adoption (i.e. number of installations commis-
sioned per week) exhibits a number of sharp “spikes” in installation, rather than a smooth in-
crease (and potentially decrease) in rate of adoption as might classically be expected in models







































































































































































































































































































































































































































An analysis of the dates of the spikes in adoption reveal that the first (and largest) spike in the
rate adoption started in the week commencing 6th November 2011 and reached its peak in week
commencing 11/12/2011 before collapsing in week commencing 18/12/2011. This was followed
by a similar pattern (albeit smaller scale) repeated 4 times (Figure 7.5 & Table 7.5).
Figure 7.5: Rate of PV adoption with spikes highlighted
The reasons for this pronounced pattern were investigated and it was found that the dates
of the spikes correlated with the announcements of policy changes in the FiTs (Table 7.6). It is
notable that, in the case of the largest spike (1 in Figure 7.5), the spike was generated by the an-
nouncement andprobable loss of perceivedbenefit, as the actual change toFiT ratedidnot occur
on the announced date, 12th December 2011, due to a challenge to the legality of retrospective
changes to tariffs (EWCACiv 28, 2012). This highlights the fact that, despite the strong economic
rationale behind trying to install a system before detrimental changes were made to the tariff
rates, the spikes cannot easily be modeled using classical rational economics techniques as, on
the face of it, nothing has changed in the rational evaluation of the case for installing PV prior to
December 2012.
Table 7.5: Data on the PV adoption rate peaks
Peak number Peak start Peak end
Peak rate (installa-
tions per week)
1 13/11/2012 25/12/2012 27990
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Peak number Peak start Peak end
Peak rate (installa-
tions per week)
2 12/02/2012 08/03/2012 19637
3 25/03/2012 15/04/2012 7978
4 22/07/2012 19/08/2012 8565
5 04/11/2012 18/11/2012 2895
A similar pattern to that observed for theUK (Table 7.6) is seen inGermany, as reported in the
scientific literature (Leepa andUnfried, 2013) anddescribedby theheadof theGerman statistical
agency:
“Previous experience has shown that the cut-off datemechanism leads to a significant increase
in the number of PV systems installed shortly before support measures are cut. This effect counter-
acts the intention of the legislator to effectively limit the costs of support for solar power.”
Source: (Bundesnetzagentur, 2012)
It is, of course, possible that a certain proportion of installations reported as being installed
and commissioned somewhat earlier than they actually were in order to take advantage of the
higher rate. Whilst such fraudulent reporting cannot be entirely discounted, it is unlikely to ac-
count for the entirety of the effect.
A final point to note in regard to the time series of adoptions is that as of June 2013, the rate
of adoption since 21st April 2013 was consistently been below 1000 installations per week. Whilst
there were short periods of such relatively low installation rates between the spikes discussed
in the previous paragraph, the last time the rate was consistently below that level was prior to
February 2011. This appears to indicate a stabilisation in the rate of adoption of photovoltaics
in the UK – suggesting that the adoption triggered by the introduction of FiT is reaching the end
of the traditional cycle of adoption. This implies that, in the absence of further incentives or
disruptive events, further adoptions will be at a relatively low rate and represent the quiescent
number of adoptions expected in a mature market. In other words, the S-Curve of cumulative
adoption shown in Figure 7.4 has reached its upper corner height and we are now in the phase























































































































































































































































































































































































































Rogers) in the absence of further stimulus.
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7.2.3 Geographical distribution of installations
The geographical distribution of technology adoption is useful in order to understand the po-
tential local effects of supply and demand balance and how these might alleviate or exacerbate
issues with distribution network overloading in a potential smart grid. To this end, the adoption
datawereplottedper postcodedistrict andper Lower Level SuperOutput Area (LLSOA)usingGIS
software. Boundary data for the LLSOA and postcode districts were obtained from the UK Data
Service Census Support service offered to academics via EDINA (Ordnance Survey, GB, 2010) in
ESRI shapefile format.7 LLSOAboundaries used in presenting geographic datawere those for the
2001 census as these are how the FiT database is encoded, despite the more recent 2011 census
LLSOA boundaries being available. These are similar, but not identical to, the boundaries for the
2001 census – for instance there are 34753 LLSOA’s used to classify the 2011 Census compared to
34378 in 2001. Details on the changes may be found via the Office for National Statistics web-
site (ONS, 2013), however do not materially affect the analysis in this section and subsequent
conclusions.
Firstly, apostcodedistrict level analysiswasundertaken. This covers thewholeofGreatBritain.
One postcode district was present in the FiT installation file but not in the geographical map of
postcode districts – this was CR9 which, upon investigation, was found to be a non-geographic
postcode with the buildings registered to CR9 being actually located in CR0. Thus, the totals for
CR9were added to those for CR0. Therewere a total of 7088 PV installations (1.8%of all PV instal-
lations)withnopostcode information (Table 7.7). These represent a total capacity of 312826 kWp
(18.8% total capacity), indicating that large installations such as PV farms are over-represented
in this group. Large commercial schemes in general do not appear to have postcode information
associated with them – 66% of the installed non-domestic capacity does not have geographi-
cal information associated with it – with 272 of the 285 non-domestic installations rated over
100kWp falling into that group. This means that analyses of installed capacity in an area and the
match between that and localized demandmust acknowledge that such installations are outside
the analysis.
7The following copyright statement applies to this data “This work is based on data provided through EDINA
UKBORDERS with the support of the ESRC and JISC and uses boundary material which is copyright of the Crown.”
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No LLSOA 341 4827.3
LLSOA available 1350 13172.4
Domestic
No LLSOA 8375 45583.0
LLSOA available 346389 1112815.5
Non Domestic
(Commercial)
No LLSOA 1674 236130.5
LLSOA available 7879 113962.8
Non Domestic
(Industrial)
No LLSOA 174 33470.1
LLSOA available 438 9677.9
Total




Asof June2013, therewere also50 commercial photovoltaic installations inEngland, Scotland
andWales8 registered under the Renewable Obligation Certificate (ROC) scheme rather than the
FiT scheme. Due to these problematic omissions from thedata set, combinedwith themodelling
focus ondomestic agents, the geographic analysiswas performed for domestic installations only.
Shapefiles could be obtained describing the boundaries for individual countries - England,
Wales (ONS, 2001a) and Scotland (GRO Scotland, 2001a). These were merged using GeoMerge
(VDS Technologies, 2007) and data from the installation database described above added to the
8All PV installations in Northern Ireland are registered in this way.
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GIS database (.dbf) file using DBFNavigator (Dolgachov, 2002). During initial exploratory anal-
ysis chloropleth maps for the absolute number of installations (for domestic installations only)
were plotted9. These were plotted for weekly snapshots with the number and capacity of instal-
lations for each geographical unit being calculated from the database. Extracting a small number
of such snapshots can give a useful picture of the pattern of adoption over time and space. For in-
stance, if five snapshots across the first three years of the scheme are considered (see Figure 7.6)
, it is easy to observe the rapid rise in the number of adoptions seen between early 2011 (Fig-
ure 7.6b) and 2012(Figure 7.6c) as described in Section 7.2.2, as well as an interesting geograph-
ical distribution. During this research, a tool to visualise this dataset as a video was developed,
which shows these effects particularly strikingly. The code to do so ismade available at the repos-
itory previously linked and a sample output video showing the sequence illustrated in Figure 7.6
is available at https://www.youtube.com/watch?v=YYrsXf92jBo
This analysis and visualization shows that the areas of the country with relatively large num-
bers of PV installation have remained similar over time (although the total number of installa-
tions has risenmarkedly, the distribution is similar). It also highlights the fact that both the total
number of installations is low in large conurbations (e.g. London, Birmingham, Manchester).
The same analysis was undertaken at LLSOA level (Figure 7.7 - note the factor of 10 change in
scale due to the change in scale of geographical unit) and shows a broadly similar pattern, with
the low level of adoption close to city centres being even more apparent.
7.3 Localised Energy use data
Disaggregated energy use data were obtained at Local authority, MSOA and LLSOA level (DECC,
2011b). These were used to investigate a comparison of domestic PV installation capacity with
domestic consumption at a local level. For reasons of privacy, somecategories of localised energy
data could not be published at the individual LLSOA level as to do so would potentially identify
individual consumers. In these cases DECC have amalgamated results for two LLSOAs as de-
scribed in their methodology and guidance (DECC, 2013a). This method has been employed
mainly where the number of Economy 7 meters in a given LLSOA is small. These meters are
ignored in this analysis as they form a very small fraction of themeters responsible for total con-
9Example SQL for one snapshot of installations per geographical area is given in Appendix section B.8
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(a) 1st April 2010 (b) 1st January 2011
(c) 1st January 2012 (d) 1st January 2013
(e) 30th June 2013 (f) Key
Figure 7.6: Snapshots of installations per postcode district (e.g. LE2, M11. . . ). Each map is a
snapshot in time 129
(a) 1st April 2010 (b) 1st January 2011
(c) 1st January 2012 (d) 1st January 2013
(e) 30th June 2013 (f) Key
Figure 7.7: Snapshots of installations per LLSOA. Each map is a snapshot in time
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sumption; hence their effect on average consumption in the LLSOA is unlikely to be significant.
Comparison of domestic PV installed capacity with local energy use wasmade, to investigate
the relationship between geographical areas of high usage and areas of high domestic penetra-
tion of domestic PV generation (see section 7.6).
7.4 Demographic data
As the geographical distribution of adoption was seen to be uneven over the country, demo-
graphic data was obtained and analysed in order to examine the potential links between socio-
economic factors and adoption in local areas. Census data were obtained at Output Area and
LLSOA area, including the usually resident population in an area, the number of households in
that area, the area classification, Socio-economic classification and tenure of households. These
data were downloaded from CASWEB (ONS, 2001b; GRO Scotland, 2001b). LLSOA boundaries
for the 2001 census were used in preference to the 2011 census LLSOA boundaries as these cor-
respondwith theLLSOAdata input into themainPVadoptiondataset described above. There are
34378 LLSOA areas in England andWales (2001 census) and 2736 geographical Postcode districts
in England, Wales and Scotland.
Censusdata are available forOutputArea (OA) andLLSOA, butnot usually at postcodedistrict
level. Where such datawere required, datawere converted fromOA to Postcode district using the
GeoConvert tool (UK Data Service, 2013). The converted data for postcodes were cross checked
with the raw data obtained from the UK Data Service (ONS, 2001c) which provides headcount
and household count for postcode districts in England andWales only. The converted data were
found to correspond to the data obtained directly well, with 90% showing discrepancies of less
than 2%and65%withdiscrepancies less than 0.5%. For this reason, itwas considered valid to use
the converted data in order that the analysis might be extended to Scotland, for which postcode
headcount data could not be directly obtained
Aswell as basic demographics, suchaspopulation, populationdensity andhousehold tenure,
an indicator of thewealth of householdswas sought. This was required as literature suggests that
access to capital can be a significant barrier to adoption, so wealth could be a strong explanatory
variable for adoption. Direct measures of wealth were not available, howwever Indices of Multi-
ple Deprivation (IMD) – a derived measure of the deprivation of the area - were obtained as an
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indicator of the poverty levels in LLSOAs. These poverty levels were treated as an inverse proxy
measure of wealth (i.e. a positive correlation between adoption and wealth might be expected,
so we could expect a negative correlation bewteen IMD and adoption level). This relationship is
tested in section 7.6.
DECC’s own socio-economic data to combine with the localized energy use statistics (see
7.3) were utilized (DECC, 2013b). These were analysed in combination with the adoption data.
It should be noted that no IMD score or resulting analysis could be created for the postcode dis-
trict level analysis as no valid method is available to convert the IMD scores for each LLSOA into
representative figures for a postcode district.
7.5 Weather and insolation data
Weather data for this study were the Test Reference Year (TRY) weather data produced by CIBSE.
Of the 14 sites for which weather data are published, the specific dataset used were those for
London.10. These were used to obtain representative time series for the electricity generation
from installed PV panels.
In addition the EU JRC data on average insolation across the UK (Šúri et al., 2007) was ob-
tained to provide some validation for the range of values for insolation data in weather files.
Lowest average insolation levels for the UK are seen in the far North East, whereas highest
insolation levels are observed in the far South West. The JRC data corresponds closely with the
average insolation data for the TRY and so the data used are considered suitable for this work.
Interestingly, but unsurprisingly, the patterns of highest insolation correspond generally to
the areas displaying consistently higher installation of domestic PV (see the similarity in distri-
bution between Figures 7.8a & 7.8b and Figure 7.7).
7.6 Combination of datasets
Most of the datasets could be referenced to LLSOA. The various datasets were combined into
one database at LLSOA level, with each LLSOA having the number and capacity of installations
10CIBSE Station No 10: London: (filenames start HEB)
Synoptic data: Heathrow: Lat: 51.48°N; Long: 0.45°W; Altitude: 24 m

















































































Figure 7.9: Scatterplot showing capacity of PV installations as a function of IMD score for each
LLSOA
at snapshot times alongside demographic data and energy consumption data as described in
sections 7.4 & 7.3 respectively. Test were carried out to investigate whether there were simple re-
lationships between either number of installations, density of installations or capacity installed
and other bulk statistics for the LLSOA, such as population or household density, IMD or owner-
ship statistics.
It has been claimed that the FiT has in effect provided a subsidy to those who can afford to
install microgeneration, which is paid for by all electricity consumers e.g. (Leicester et al., 2011).
This would lead to an hypothesis that microgeneration adoption would be well correlated with
the IMD score (negatively, as a high IMD indicates a prevalence of multiple deprivations in a
given LLSOA). To test this, scatterplots against capacity installed were produced at the LLSOA
level (Figures 7.9 & 7.10). Whilst the plot does show a correlation in the direction expected – a
linear regression shows a high probability of correlation (p < 2.2*10-16), but a very low proportion
of the variation in installed capacity canbe explainedby the IMDscore (R2 =0.02). This re-affirms
the conclusion that the factors drivingmicrogeneration adoption aremore complex than simply
the economic potential of the LLSOA.
A similar plot was produced in order to assess whether owner occupancy was a determin-
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Figure 7.10: Region of interest from Figure 7.9: Capacity of PV installations as a function of
IMD score for each LLSOA (plotted without outlier E01020535 which reports a domestic in-
stalled capacity of 1.8MW)
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Figure 7.11: Capacity of installed domestic PV against the fraction of housholds that are owner
occupied per LLSOA (E01020535 omitted as outlier)
ing factor in PV installed capacity (Figure 7.11). Again, while there appears to be a correlation
between these variables (a linear regression t-test gives a p value < 2.2*10-16), the fit is poor and
the independent variable explains only a small part of the variation in the installed capacity (the
linear regression reveals an R2 value of only 0.0473).
Next, a scatter plot of local energy use and PV capacity installed at the LLSOA level (Fig-
ure 7.12) was produced. This indicates that there is a correlation between local consumption
and PV penetration, but there is not a strong explanatory relationship between the variables (for
linear regression p < 2*10-16, R2 = 0.13). phere takes its usualmeaning in regression - i.e. the prob-
ability that there is no correlation between the variables (the null hypothesis). The extremely low
p is due (at least in part) to the extremely large sample size. The low R2 is of more interest here,
this means that many points are far from the regression line and the explanatory power of any
observed correlation is low.
This result has implications for visions of a smart grid which incorporate grid balancing at a
local level. Individualmicrogeneratorswill necessarily reducenet consumptionof thehousehold
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Figure 7.12: Scatterplots of electricity use in LLSOA against installed domestic PV capacity. (A)
all data points (B) outliers removed
in which they are installed however, at the level of penetration observed, they will fall far short
of localized grid balancing and the geographical placement of installations is not well correlated
with the geographical location of high consumption.
Finally, the relationship between population and household density and PV installation was
investigated. Household density can be considered a proxy for a number of variables which in-
fluence the suitability of domestic PV installation, for instancemultiple occupancy of a building,
building density and resultant shading etc. At LLSOA level, a relationship can be observed be-
tween household density (households / hectare) and PV installed capacity. This nature of this
relationship appears to be inverse exponential (Figure 7.13).
To investigate the strength of this relationship the logarithm of installed capacity was plot-
ted against household density and a regression carried out (Figure 7.14). Again, the relationship
appears weak but present (p < 2 ∗ 10 − 16, R2 = 0.24). The correlation with density does ex-
plainmore of the variation than any other variable explored and is thus a factor which should be
considered, however it is insufficient to describe the variation between areas in itself.






Figure 7.13: Installed domestic PV capacity as a function of Households per Hectare in each
LLSOA
Figure 7.14: Logarithm of installed domestic PV capacity as a function of household density
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where




N = number of households in LLSOA
A = Area of LLSOA (m2)
The variable calculated according to equation (7.1) is labeled capPerHousePerM2 in the leg-
end of Figure 7.15.
As would be expected from the correlation identified – across most of the country this pro-
duces amore homogenous colouring. However, the identification of low installation rates in city
areas is more stark.
7.7 Appropriate spatial resolution
An important criterion to investigate for the modelling activity was the relevant spatial scale at
which tomodel. This is often an issue formodellers and the spatial scale chosen is often justified
by pragmatic or intuitive arguments. Instead of relying on such arguments, particularly as the
data presents the opportunity for analysis on four different spatial scales, a method to formalise
this decision was developed. The pattern of adoption in each local area was compared for sim-
ilarity to the national pattern of adoption. This was done in order to determine whether it was
sufficient tomodel a postcode area andmake the claim that the national picturewas a scaled ver-
sion of this (albeit different postcodes would have different scaling factors as demonstrated by
the geographical analysis in section 7.2.3). The same analysis was repeated at LLSOA level. The
potential problem was to define a rigorous statistical measure of similarity between timeseries
as, for example, a simple least squares measure of fit can exhibit high levels of fit for a pattern
that exhibits similar average behaviour but a very different temporal pattern or shape. This is


































































































Figure 7.16: Timeseries’ B & C are two possible models of timeseries A. In assessing the similar-
ity to timeseries A, timeseries B would minimise the mean squared error (MSE) and therefore
appear a good fit, whereas timeseries C, whilst being intuitively more similar, exhibits a high
MSE. With OPA the situation is reversed
Source: after Thorngate and Edmonds (2013, , Figure 1, see that paper for further examples)
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7.7.1 Ordinal Pattern Analysis
The techniqueused for evaluating the similarity betweenadoptionpatterns indifferent areaswas
Ordinal PatternAnalysis (OPA) as describedbyThorngate andEdmonds (2013). In that paper, the
authors recommend the technique as a method for comparing simulation and empirical data
series, the technique can be applied more generally to make a statement about the qualitative
similarity of two quantitative time series, as in this instance. OPA is based on the principle that
what matters when matching longitudinal (timeseries) data is whether the ordinal rather than
cardinal characteristics of the series are in some statistical sense similar.
To this end, OPA encodes a timeseries as a set of relations between points. If we denote a
timeseries of length n as a set of readingsD and say di∃D∀0 ≤ i < n, thenOPA tests first whether
d1 > d0, then whether d2 > d1 and d2 > d0 and so on to dn−1. This gives a set of n·(n−1)2 ordered
pairs which encode the shape ofD.
Two timeseries can then be compared based on the proportion of these ordered pairsmatch -
simply define kmatch to be the pairsmatched, kmismatch to be the pairsmismatched and themetric
is kmatch
kmismatch+kmatch
. This is called the probability ofmatch and denotedPM . The index of fit (IOF )
is defined to bePM − (1−PM)which is the same as 2PM − 1 and has the happy characteristic
of providing a scale where IOF = +1 means all pairs match, IOF = 0 means half the pairs
match and IOF = −1 means none of the pairs match.
Using this method, timeseries that have the same “shape”, but differ in magnitude have the
same encoding and will result in IOF = +1. If timeseries are stretched or offset by a given time,
thematch will not be perfect, but it is likely that patterns which exhibit a similar shape will have
a similar encoding and thus have a high IOF . A bootstrapping method is used to quantify how
likely it is that two OPA sequences are similar. This means that if OPAseqA is being compared
to OPAseqB, the procedure is to find matching ordered pairs between OPAseqA and OPAseqB
and then also with all permutations of OPAseqB. The comparison metric is the fraction of the
permutation matches which have more matches than the two non-permuted sequences. That
fraction is denoted the Index of Fit (IOF). An implementation of OPA was written by the author
in the Python programming language (C.1).
Results show that the majority of postcode areas have high OPA Indices of Fit (IOF) with a p
value of less than 0.05 – a measure similar to the statistical p value giving an indication of the
likelihood of the given correspondence being observed had the values been randomly ordered.
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When performed at the LLSOA level, this analysis revealed that 21070 of the 31081 LLSOAs
with any PV installed were similar to the overall trend with p<0.05. This means that∼30% of the
LLSOAs in the dataset do not conform to the pattern observed at the national level.
When performed at the PCD level, this analysis revealed that 2545 of the 2678 PCDs with any
PV installed were similar to the overall trendwith p<0.05. Thismeans that only 5% of the LLSOAs
in the dataset do not conform to the pattern observed at the national level.
Given these findings, the decision was taken to model at postcode scale (units of around
40,000 households), as this appears to give a scale at which results may be taken to be repre-
sentative of the country as a whole. The implications of the model scale are explored further in
the model results and discussion chapters (8 & 9)
7.8 Summary
Combination and analyses of the secondary data available to inform themodel parameterisation
for the study show the following results and implications for the modelling activity:
1. The introduction of the FiT triggered an increased rate of photovoltaic adoption, particu-
larly domestic small scale PV. This reflects the economic incentive provided by this policy
– it is clear that economic effects must be reflected in themodel. However, incentive levels
alone do not explain fully either the geographical or temporal distribution of adoption.
2. Typical domestic PV adopters install systems with a declared capacity of 4.0kWp or lower,
with the most usual declared capacity being 4.0kWp. This indicates a strong effect of tariff
banding on adopted capacity as the most favourable tariff applies only to installations of
4.0kWp or lower.
3. Changes to the tariff produce large spikes in the rate of adoption, with the effects of these
transients being large enough to appreciably change the cumulative adoption curve (the
S-curve)
4. The rate of adoption of domestic PV, after large acceleration, has returned to pre April 2011
levels and can be considered to be in a steady state of low adoption rate.
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5. There is a geographical distribution of adoption with certain areas of the country showing
stronger adoption than others – indicating that geographical conditions are an important
factor.
6. The fact that significant numbers of timeseries at the LLSOA level differ in shape from the
overall national time series (section 7.7) indicates that there is a localmechanismoccurring
within some LLSOAs and not others.
7. The drivers of differential rates of adoption within and between LLSOAs cannot be simply
reduced to correlations between bulk demographic data and the bulk rate of adoption.
In light of the summary above, it is reasonable to conclude that the mechanism for adoption
of PV is dependent on a complex interaction between adopters and their context, rather than a
simple mapping from known gross variable (such as population density, or IMD, or economic
incentives) and the adoption decision.
One factor which may be significant in domestic PV adoption is that they are highly visible
and repeated observations of PV installations on others’ dwellings may contribute to adoption
of your own installation. The modelling work in this thesis (Chapter 8) investigates how such
interactions, in combination with the other factors discussed, can contribute to the observed
adoption patterns. This type of vicarious social learning is an effect which may be modelled in
the Agent Based Model as described in Section 6.5.3 and may offer insight into the mechanism
of technology adoption in the context of the electricity network and,more specifically, the future
smart grid. It is notable that someother technologies oftenproposed as components of the smart
grids (such as Electric Vehicles) are similarly visible to external observers, whereas others (such
as smart controllers or heat pumps) aremuch less so, the importance of this for smart grid policy
design is discussed in Chapter 9
The model parameters derived from this data analysis and taken forward into the modelling
experiment described in the next chapter presented in Table 7.9.
Table 7.9:Model parameters derived from the empirical data analysis
Parameter Value or range
Number of agents in simulation (N ) 40420
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Parameter Value or range
Lead time for policy change to increase adop-
tion rate (tlead)
4-6 weeks
Duration of peak due to policy change(tduration) 2 weeks
Household potential PV capacity (pvcap) 2-4 kWp
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Chapter8
Model parameterisations and runs
In this section, the detailed experimental setup and results for a series of model runs are de-
scribed. Section 8.1 describes the model context setup, which was the same for all the exper-
iments reported upon. Section 8.2 describes agent setup, highlighting the parameters that re-
mained constant between model runs and those that were varied. Section 8.3 describes the re-
sults of the ensemble of model runs undertaken. In section 8.3.3, simulation results are pre-
sented in the context of data on adoption in the case study area obtained from the data analysed
in Chapter 7
8.1 Experimental context design
8.1.1 Geographical placement of houses
Themodel was configured to place agents in a realistic geography with one agent per a domestic
dwelling in the LE2 postcode area, a largely suburban, residential postcode district. The choice
of LE2 is arbitrary, but convenient as the author lives within it and usefully representative as it
is a member of the set of postcode areas that have an essentially similar adoption pattern to the
national one (see Chapter 7). The GIS data describing the position of buildings were obtained in
the form of a polygon shapefile from the Ordnance Survey. The criterion for labelling a building
likely to be domestic dwellings was having a footprint area between 30m2 and 160m2. 404201
buildingswere identified as likely to bedomestic dwellings; according to census data these house
a population of 106,121
The position of LE2 in the country (Figure 8.1 & 8.2) and the buildings within LE2 (Figure 8.3)
are illustrated. A realistic geographical arrangement was used to give a realistic spread of house-
1There are 45,245 address points in the LE2 PCD at the time of analysis. Of these, a small number are busi-
nesses. The 40420 estimate is arrived at using the process described.
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hold positions, taking account of road orientation etc. In this simulation, themain effects of this
were on the potential for social learning by observation (i.e. agent proximity) and the structural
factors of house suitability for technology adoption. This postcode area covers a land area of
40,277,716 m2 (∼ 40km2).
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Figure 8.1: Illustration of position of LE2 postcode sector within the UK
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Figure 8.2: Diagram of LE2 area
Figure 8.3: Domestic building layout in LE2 area
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8.1.2 Price of investment
The price of investment for an agent is modelled as a random “on cost” to represent the profit
of the installer (randomly selected between 5% and 20% as the agent gets a quote) plus a cost
per unit size of the system, i.e. to install a PV system has a cost of installation plus a material
cost per kWp installed. These prices are not fixed over time, but are the same for all household
agents. This represents a simplification, as materials costs may vary, but this is not considered
to be significant heterogeneity when researching the influence of householder behaviour on PV
adoption.
8.1.3 Policy incentives
Every agent is able to query the policy incentives available for the adoption of technology; that
is the level of FiT is available to each agent. The tariff bands and times of change within the
simulation are as for the real-world changes in policy. The same information is available to all
agents, although as described in section 6.5 (Figure 6.7), not all agentswill query the information,
or use the same frequency of querying, or have the sameperceptionofwhen the incentivesmight
change.
8.1.4 Weather
Temperature,windspeedand insolationwereprovided tohouseholdagentsbymeansof aweather
file. As agents were relatively localised, all agents were taken to receive the same weather. This is
a modelling simplification made for this research undertaken, however the limitation is not be-
lieved to be significant due to the geographical boundaries of the simulation. The weather does
not have a direct effect on the adoption process, but does affect the demand calculated for the
households in aggregate during the simulation.
8.1.5 The electrical grid
The agents are taken to be connected to an electricity network of infinite capacity so that, within
the model, they do not experience black- or brown-outs due to excess demand on the system,
nor are they prevented from adopting PV due to network capacity constraints. However, overall
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demand on the systemandparticularly localised instances of high demand are recorded over the
simulation and potential grid implications are discussed in chapter 9.
8.2 Experimental design
8.2.1 Initial configuration
Each agent was assigned a pro-environmental category based upon a draw from a random dis-
tribution configured to match empirical distribution found in the DEFRA categorisation (DE-
FRA, 2008). The seed for the randomnumber generator useddetermines the initial configuration
of pro-environmental category (and associated pre-dispositions). A sample configuration for a
small area of LE2 is shown in Figure 8.4
8.2.2 Model parameterisation
According to thepro-environmental category assigned tomodel agents, theywereparameterised
with an economic ability and propensity to install as per table 8.1. Propensity to install is scaled
such that a Positive Green with no other incentives might adopt microgeneration at roughly the
rate observed before the FiT incentive. Relative weights are based on the author’s interpretation
of qualitative statements about relative attitudes to installation contained within DEFRA (2008).
Table 8.1:Mapping pro-environmental category to numerical representation of ability and
propensity to install




1 : Positive Greens 1 0.001
2 : Waste watchers 0.75 0.0005
3 : Concerned consumers 0.75 0.0005
4 : Sideline supporters 0.2 0.0002
5 : Cautious participants 0.5 0.00025
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6 : Stalled starters 0.2 0.000025
7 : Honestly disengaged 0.2* 0.0000025
A small number (∼0.05%) of initial adopters of PV were assigned of the population based on
the number of pre-existing adoptees observed in the data for the LE2 postcode district (14 of
40420 households). The exact households seeded as initial adopters were assigned based upon
a number drawn from a uniform random distribution exceeded a threshold based on the agent’s
propensity to adopt.
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Figure 8.4: Small section of LE2 buildings showing a sample of DEFRA pro-environmental cat-
egory assignment for random seed 1. The exact configuration for each run depends on random
seed
8.2.3 Results Analysis method
The ABM developed as part of this study is a stochastic tool. As the system being simulated is
complex, it is likely that the simulation will be sensitive to initial conditions. It is therefore im-
portant to ensure that the system behaviour observed in each run is understood and analysed in
the context of all possible runs of the simulation. Practically, it is not possible to test every possi-
ble run of the simulations, however a number of model runs with different random seeds can be
performed. The larger the number of runs, themore chance there is that a representative sample




Even a small number of parameter combinations can require a large number of model runs to
give useful results (see section 8.2.4). Visualising and interpreting the rich dataset provided by
such multiple runs is itself a challenge. Spaghetti plots have been adopted for that purpose in
this thesis. In these plots, each run is plotted as a single line on axes of number of adoptions
against time. Each line has a high transparency, but the plot is such that asmultiple lines overlay
upon each other, the opacity adds, such that the colour appears darker. These lines are plotted
for all runs with a given parameter combination. In this way the trajectory of each model run
per timestep is visible and the concentration of runs around certain states is conveyed by the
intensity of the colour. The code to produce these plots was written by the author in the R and
Python languages.
As noted in the introduction to section 6, it is important to also analyse the results of the
simulations qualitatively. Analysing result sets purely in terms ofmeans and standard deviations,
regressions andmeasures of fit is likely to lose someof the insight offeredbyABMsimulation. The
path taken to reach an end state of the simulation contains, generally,more information than the
end state itself. In addition, the outlying states may offer more information about unusual and
interestingoperatingmodesof the systemthan themany states clusteredaround theoperationof
the system that is in some sense normal. The same is true of the time-series of variousmeasures
through the run of the simulation, which define the path to the simulation end state. Whilst
the distributions of end states over many runs and the distribution of paths to those end states
offers useful insights into operating modes of the system, the most telling insight comes from
the qualitative analysis of paths and end states – in particular the outliers and counter-intuitive
results.
Spaghetti plots facilitate this sort of analysis, as they quickly highlight outlying paths as well
as outlying start or end states, for instance paths that experience a surge in adoption early or late
in the simulation compared to others, or paths that havemultiple surges of similarmagnitude as
opposed to a single surge.
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8.2.4 Howmany runs?
As the implemented model is stochastic, it is important to decide how many runs of the model
with different random seeds is necessary to give useful results with a given parameter combina-
tion. This was tested with a simple model where adoption was based on neighbourhood obser-
vation, where the observation radius of each agent was drawn from N(10,5).
Initially, 10 runs of each combination were undertaken, with the random number generator
seed changed each time. Checks were performed to ensure that runs with the same random
number seed resulted in the same output in order to ensure reproducibility.
Initial runs indicated that interesting distributions of final state and pathways to that state
were emerging (Figures 8.5 & 8.6). In order to test the robustness of these results, a further run
with 50 random seeds was conducted, which appeared to indicate that a bimodal distribution of
final states may be emerging (Figures 8.7 & 8.8). However, a further run of 200 random seeds per
parameter combination (11,000 runs in all – taking around 24 hours elapsed time with this fairly
simple configuration) indicated that the distribution of final states, whilst not simply normal,
appeared not to be bimodal (Figures 8.9 & 8.10).
Figure 8.5: 10 runs of simulation model with % adoption
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Figure 8.6: Histogram of end states after 10 runs (% adoption)
Figure 8.7: 50 runs of simulation model with % adoption
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Figure 8.8: Histogram of end states after 50 runs
Figure 8.9: 200 simulation runs outcome of % adoption
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Figure 8.10: Histogram of end states after 200 runs (% adoption)
8.2.4.1 Very large runs
Finally, a run with 5000 random seeds was performed for each of two particular combinations –
in particular µ=25 and σ2 ∈ {0, 10}, with the financial incentive set extremely high to encourage
as much adoption as possible in the simulation. The results of these, (Figure 8.11), appear to
confirm the result for 200 runs, that the distribution is a skewed Gamma-like distribution, rather
thanbi-modal. The interesting features to examineare themean, varianceandskewof theoutput
distributions.
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(a)Distribution of end states for 5000 runs with observation radius∼N(25,0)
(b)Distribution of end states for 5000 runs with observation radius∼N(25,10)
Figure 8.11: End of pathway distributions for 5000 runs of simulation with high financial in-
centivisation and µ=25 and σ2 ∈ {0, 10}
As a consequence of these runs and results, further model runs use 200 runs for initial anal-




This section describes three sets of experiments conducted using the model to investigate ob-
served features of the adoption data under the FiT.
8.3.1 Modelling of external shocks
An initial set of experiments was performed with an early version of the model to verify the abil-
ity tomodel the shocks engendered by policy change. This set of experiments investigatedmod-
elling agents’ perception of the urgency of decision making, in order to allow for the model to
simulate rapid adoption over very short timescales observed in the real data as spikes in adop-
tion rate (Chapter 7). Thus, the model was set up with to include the perception of imminent
change to tariff as an influence to adoption. The variable controlling this within the household





ut is the urgency parameter at timestep t,
d is the announced date of the next tariff review and
β is a tunable parameter to modulate the rate of change of urgency with time.
In terms of the SCT model, this experiment had the following setup. Construct values were
set as per table 8.2 and relationship weightings as per table 8.3.
wPOE was set to a low value to avoid observation effects swamping the effects of shocks in this
scenario. wSSF was not utilised in this experiment as socio-structural factors were pre-applied
by configuring the potentialPVcapacity variable at initialisation.
Although themethod of urgency calculation is the same for each agent, because the decision
makingprocess is triggered randomly in time throughout thepopulationaspreviouslydescribed,
there is heterogeneity within the population with regard to the value of cOE at decision making
time. With this model scenario, spikes in adoption due to perception of imminent change were
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Table 8.2: Construct values
Construct Value
cOE calculated within the model as economic_sensitivity (as per 8.1) multi-
plied by tariff (8.1.3) multiplied by ut
cPOE fraction of neighbours adopting (fixed radius of observation r, homoge-
neous across population)
cSE microgenPropensity as per 8.1 - heterogeneous across the population and
randomly assigned in proportion to DEFRA (2008)
cSSF Not implemented in this scenario






All other weights 0
possible. The results from this experiment were reported in Snape (2013) and are reproduced
belowwith the relevant section of the observed adoption for comparison (Figures 8.12a & 8.12b).
These results show the output for a single run of the ABM, presented to illustrate that the sim-
ulation results follow the pattern observed in real data showing that using an urgency variable
within the agent in this way was useful.
Following this set of experiments, in accordance with the research workflow (Figure 6.1 ), the
model design was re-evaluated andmore weights and constructs were added to themodel. Dur-
ing this evaluationphase, another similarmethods for calculating this variablewas implemented
and tested (equation 8.2). In the results reported in this section, formulation 8.1 was used, how-
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(a)Modelling spike in adoption using urgency as a component of outcome expectation (LE2 area)
(b)Observed spike in adoption due to policy announcement in late 2011 (LE2 are)
Figure 8.12: Simulated and empirical adoption rates to end of 2011 in LE2 area
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ever the later full-featuredmodels use formulation 8.2. This was adopted latterly simply in order




β was set at 28, which means that urgency grew significantly for up to four weeks before any
change of tariff.
8.3.2 Effect of observation
Experimentswere conducted to understand the influence of agents’ perception of the popularity
of installing PV on the rate of adoption. Again, the number of initial adoptees was determined
randomly as per section 8.2.2. This is sensitive to the random number generator seed only – the
resulting distribution of initial adoptees resembles a somewhat noisy normal distribution for the
200 initial states (Figure 8.13).
Figure 8.13: Histogram of initial adoption state (x axis is % of agents with PV at initalisation)
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8.3.2.1 Observation effect parameterisation
The ensemble of experiments presented here was to test the effect of vicarious learning by ob-
servation - changing the value of construct cPOE . In the model this means changing the radius
that each agent observes (ri) in order to compute the value of the observed normality of owning
PV. Variables subscripted i indicate the per agent value, variables with no subscript should be
assumed to apply across the simulation. Other constructs and weights remained the same as for
the previous experiment.
Two effects were tested for:
1. Effect of differingobservation radius rwhere all agentshave the samevalueof r i.e. ri = k∀i
2. Effect of heterogeneity in r. This was done by drawing ri from r ∼ N(µ, σ)
In all, 55 parameter combinations of µ and σ were tested (Table 8.4), with 200 runs for each
combination2.
Table 8.4: Neighbourhood vicarious learning model parameter combinations
Test µ σ
1. (11 combinations) 0 to 25 in 2.5 increments 0
2. (44 combinations) 0 to 25 in 2.5 increments 2.5-10 in 2.5 increments
8.3.2.2 Effect of observation radius absolute level
In this experiment, all parameters remained the same except the radius of observation that each
household took into account when determining the perception of others’ behaviour within the
SCTmodel evaluation. The radius of observation is in non standard units, this is due to the nat-
ural units of the geographic projection underlying the simulation being 0.01745° at a latitude of
52°North. This is equivalent to 1 unit being roughly 1.2 km.
The distribution of initial adoptees at the start of the 200 runs was the same for each set of
2A batch environment was developed in order to run many combinations in parallel in a cluster computing
environment. Initially, the environment was developed by the author. With the release of Repast Simphony 2.1,
the Repast development team implemented a similar environment natively within Repast and this was adopted.
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experiments. In this suite of experiments, no variation inobservation rangewas allowedbetween
agents, so all agents had exactly the same observation range.
200 runs were performed for each r∈{0, 2.5, 5, 7.5, 10, 12.5, 15, 17.5, 20, 22.5, 25}
Obviously, for r = 0, the social influence is zero.
Interesting results are seen for r ∈ {20, 22.5, 25} (Figures 8.14,8.15 & 8.16). These results show
that an increased radius of observation both increases the total level of adoption and widens the
range of observed observation. Recalling that radius of observation here is a proxy for the real
world observation and influence from social networks, this result implies that as more house-
holds are observed to have installed PV, not only does the total level of installation increase (at
least until adoption is saturated), but also the possible pathways becomemore widely dispersed
– i.e. the range of possible outcomes to the policy intervention is more spread. The first is as
expected; the latter less so. This means that the more widely observable the technology is, the
more unpredictable the outcome of the policy. In all scenarios, certain pathways remain at very
low adoption percentages, evenwhenmedian adoption rate is high (e.g. 20% adoption). The im-
plication of this is that even with very attractive policies, there remains a risk that adoption will
stay low for certain combinations of parameters.
Figure 8.14: Adoption with all agents observing a 20 unit radius
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Figure 8.15: Adoption fraction with all agents having observation radius 22.5 units
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Figure 8.16: Adoption fraction with all agents having observation radius 25 units
8.3.2.3 Effect of observation radius heterogeneity
The next set of experiments was to investigate the effect of within-population heterogeneity of
observation radius. The radii of section 8.3.2.2 were used as the mean of normal distributions
fromwhich the observation radii ri for each agent is drawn. The standard deviation of the distri-
bution was varied as σ ∈ {0,2.5,5,7.5,10}. Obviously this gives the chance of some agents having
negative radius – this is interpreted as zero. The heterogeneity has the effect of increasing the
adoption percentage and the spread. Representative runs for r ∼ N(25, 0) and r ∼ N(25, 10)
show this effect clearly (Figures 8.17 & 8.18).
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Figure 8.17: Adoption percentage with homogeneous radius of observation amongst
agents. Note - implemented by r N(25,0) - i.e. r = 25
Figure 8.18: Adoption percentage with heterogeneous radius of observation amongst agents.
Radii drawn from N(25,10) i.e. r˜N(25,10)
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8.3.2.4 Summary of observation effect
The mean, standard deviation and skew of output distributions from each of the 55 observation
radius parameter combinations is summarised in Table 8.5. All cells within the table are format-
ted with the mean at the top, standard deviation in the middle and skew at the bottom. The
measure used for skew is the standard Fisher-pearson co-efficient. Values are rounded to 3 dec-
imal places and describe the percentage adoption within the modelled population at the final
simulation timestep.3
Table 8.5: Summary of pathway outcome distributions for all vicarious learning parameter







0 2.5 5 7.5 10
0
Mean 0.037 0.043 0.056 0.074 0.11
SD 0.01 0.012 0.017 0.024 0.044
Skew 0.116 0.382 0.353 0.439 0.825
2.5
Mean 0.053 0.063 0.078 0.112 0.203
SD 0.016 0.019 0.026 0.042 0.1
Skew 0.445 0.431 0.624 0.666 1.246
5
Mean 0.111 0.117 0.134 0.217 0.502
SD 0.037 0.043 0.05 0.103 0.3
Skew 0.691 0.562 0.505 0.887 0.906
7.5
Mean 0.272 0.238 0.292 0.643 1.68
SD 0.109 0.092 0.138 0.381 0.956
Skew 0.541 0.442 0.925 0.818 0.428








0 2.5 5 7.5 10
10
Mean 0.427 0.477 0.98 2.408 4.677
SD 0.164 0.207 0.564 1.34 2.279
Skew 0.543 0.632 0.778 0.453 -0.058
12.5
Mean 0.654 1.137 3.379 6.495 9.568
SD 0.261 0.625 1.751 3.094 3.823
Skew 0.674 0.668 0.239 -0.107 -0.676
15
Mean 1.684 3.583 8.191 12.197 14.422
SD 0.842 1.901 3.703 4.802 4.869
Skew 0.644 0.506 -0.138 -0.689 -0.893
17.5
Mean 3.925 8.21 14.478 17.616 19.518
SD 1.987 3.78 5.441 5.568 5.58
Skew 0.468 0.015 -0.701 -0.968 -0.828
20
Mean 9.881 15.752 20.121 23.001 25.678
SD 4.374 5.987 5.996 6.258 6.73
Skew -0.063 -0.566 -0.903 -0.833 -0.701
22.5
Mean 18.76 22.183 25.885 29.479 33.634
SD 5.98 6.492 6.796 7.585 7.78








0 2.5 5 7.5 10
25
Mean 25.229 28.709 33.06 38.325 43.014
SD 6.966 7.449 8.14 8.883 9.068
Skew -0.772 -0.719 -0.685 -0.603 -0.573
As might be expected, the average radius of observation was positively correlated with the
number of PV systems adopted. This canbe intuitively explainedby the fact that thewider the ra-
diusof observation, themoreotherhouseholds areobservedand therefore thegreater the chance
that at least one will have installed PV. Quantitatively the effect is pronounced.
The effect of radius heterogeneity is more unexpected - with a heterogeneous mix of obser-
vation, the absolute level of adoption is increased, as well as the spread of pathways observed as
measured by the standard deviation of the final distribution. The skew of the distribution also
changes with the average adoption, simulation runs with low average adoption (top left of Ta-
ble 8.5) have a rightward skew (i.e. a long rightward tail), whereas those with very high average
adoption (bottom right of Table 8.5) show a leftward skew. This indicates that even in scenarios
where observation is such that a high average adoption is likely, there remain simulation path-
ways that exhibit low percentage of adoption.
8.3.3 Modelled adoption rate compared to observed data
The above experiments indicate that an observation radius drawn from N(10,7.5) would most
closely match real world deployment. The spaghetti plot for the full ensemble is shown below
(Figure 8.19) as well as the distribution of end states (Figure 8.20). The x axis scale has been
translated from days elapsed to dates to ease comparison with real world data.
One strength of the ABM technique is that having identified interesting parameter combina-
tions, it is possible to interrogate data for individual runs within the ensemble. In this dataset,
the run for random seed 45 is interesting as it shows a somewhat similar pattern to the real world
data, albeit with the reaction to the policy shock being anticipated somewhat in comparison to
real world results, making the spike muchmore spread, but somewhat lower in amplitude.
This suggests that the model can capture the real world effects observed, although it still
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Figure 8.19: Spaghetti plot for r ∼ N(10, 7.5)













07/04/2010 07/04/2011 07/04/2012 07/04/2013
Weekly adoption run seed 45 μ = 10, σ=7.5
Figure 8.21: Illustrative pathway from a particular output (seed 45 from ensemble r ∼
N(10, 7.5))
smooths the very strong shock experienced with the first policy change. This parameterisation
offers the best fit to the observed data. It is notable that adoption continues after the cuts ob-
served, just as seen in real world data.
The observed rate of adoption in LE2 (up to June 2013) is shown in Figure 8.22. This shows a
peak rate (adoptions per week) of 124 adoptions in the week commencing 3rd December 2011.
The cumulative adoption curve (Figure 8.23) shows that there were 851 installs as of June 2013,
representing 2.1% of the 40420 households.
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Figure 8.22: Observed adoptions per week in LE2 postcode district
Figure 8.23: Cumulative count of adoptions in LE2 postcode district.
Comparing the shapeoffigures8.22and8.12a it is clear that the inclusionof thenon-economic
perception of decision urgency factor produces similar adoption patterns to those observed. The
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Figure 8.24: Observed data overlayed onmodel run spaghetti plot
model run described by figure 8.21 does not show such pronounced spikes, but does illustrate
the ability of the ABM to model both neighbourhood effects and urgency together.
The absolute adoption observed in real data for LE2 (2.1%) fits within the range of results
for several of the parameterisations presented in Table 8.5. An overlay of the cumulative curve
(Figure 8.23) with the spaghetti plots for adoption under different social observation parame-
ters, shows that the observed pattern is within the bounds of adoption patterns predicted by the
model with r drawn from r ∼ N(10, 7.5).
The overlay of data (Figure 8.24) highlights the variation in modelled adoption magnitude
under different initial conditions even when the parameters were held constant is large. This
reinforces the need to analyse model results in comparison to each other for different parame-
ter combinations and for qualitative effects, rather than as a quantitative predictor of adoption
magnitude. The distribution of adoption states at the end of the run is the output that should be
interpreted. However, the results from this modelling exercise add to the body of work showing
that models incorporating non-economic factors give insight into the potential effects of policy
instruments that could not be given by purely economic modelling.
8.4 Summary
An ABMmodel has been developed and shown to be capable of simulating the effects of policy
shocks and vicarious learning via observation, demonstrating the ability to show differing rates
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of adoption based on the values of SCT constructs cOE and cPOE .
For some parameterisations, the simulation outcomes are qualitatively similar to real world
observations and can model non smooth evolution of adoption over a time in a way that pure
economic or aggregate models cannot. In addition the ABM developed allows for retrospective
interrogation of interesting simulation runs and can offer insight into the reasons for certain pat-
terns emerging in a particular parameter combination. In addition, the analysis of distributions
of simulation outcome over the full suite of ensembles yields useful information about the effect
of assumptions about both average increases in observation amongst the adopting population
and heterogeneity in that variable amongst the population. Such insight could be useful when




The data analysed in Chapter 7 clearly show that the FiT has been very successful in promoting
the adoption of domestic rooftop PV. They also show that the adoption has been characterised by
short periods of intense adoption overlaying a steady adoption rate. The number of PV systems
adopted exceeded expectations and predictions of the economic models used in the FiT impact
assessment (DECC, 2009). Although there has been some strong political reaction to that success
and radical reductions in financial incentives, the number of PV systems adopted has continued
to rise in the face of over 50% cuts to the PV FiT. This empirical evidence, in conjunction with the
barriers and drivers found in prior work (see section 4.3.2), suggest that factors beyond rational
economic decision making are important in the mechanisms governing household adoption. It
is evident that the economicmodels used in the FiTpolicy design and impact assessment (DECC,
2009), predicated upon rational economic decisionmaking as the predominant factor in the de-
cision to adopt, do not capture important features of themechanism by which people choose to
adopt PV.Whilst the initial greater than expected adoption couldbe attributed to lower PV capital
costs in late 2010 than anticipated at policy design time, the subsequent rapid increase in reac-
tion to policy change cannot. For this reason, the ABM presented in Chapter 8 was developed.
The experiments runwith the developedmodel and reported in Chapter 8 showed the devel-
opedmodel to be capable ofmodelling social psychological factors in adoption decisionmaking
alongsidefinancial considerations. Inparticular, theydemonstrated theability tomodeldecision
urgency as a factor in adoption decisionmaking and showed the effect of both absolute level and
heterogeneity of adopter observations on the rate of adoption. Results were presented as output
distributions of ensembles run for each parameter combination, highlighting the need to inter-
pret the output from stochastic simulations as distributions. In the case of the ABM developed,
the important features are the shape of those distributions and qualitative similarity to observed
data, rather than absolute levels of adoption.
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The data analysis in combination with the model results demonstrate the considerable in-
fluence of behaviour and learning of domestic consumers on the electricity supply system ex-
pressed via the patterns of technology adoption. The fact that such effects were not anticipated
by policy designers highlights the need for models that have the capability to account for these
factors during the design and impact assessment phases for policy instruments designed to en-
courage low carbon technology adoption. This research has provided one such model.
In the period following data analysis andmodel development, further data became available
detailing FiT registered PV adoption post June 2013. These data show that despite the reduction
of tariff to only 30% of its initial level for retrofitted PV panels, adoption continues in a close
to linear fashion (Figure 9.1). In the output data from the ABM, a number of runs showed that
adoption was still rising gradually at the end of the run, showing that the model developed was
able to model the continued adoption observed after the tariff cuts
The high adoption rates under the FiT with respect to domestic PVmirrors experience across
Europe where similar schemes have been implemented. Germany and the UK have had high
and sustained rates of adoption, with Italy, Spain and France also seeing high rates. Reaction to
this has been decisive, with the UK performing the radical rate cuts already described, Germany
introducing similar cuts (from more than 50 c/kWh at the start of the scheme to 12.88 in 2015)
andSpain cutting evenmore radically, with a recent proposal to tax self consumptionof domestic
PV generated electricity, thus taking payback of domestic systems to an estimated 31 years (PV-
Tech, 2015; Solar Plaza, 2015). The UK reaction to high rates also prompted a redrafting of the
degression mechanism for tariffs and weekly monitoring of installation numbers from January
2012 to March 2014.
To summarise the domestic PV case study, the unexpectedly high installation rates under the
policy led to significant reactions by policymakers at national level. The reactions in themselves
triggered a very high rate of adoption, probably increasing the final share of the population who
adopted PV in contrast to their intentions. Debate has continued regarding the success of the
policies, as success is a subjective measure. In general, if one takes the number of installations
or installed capacity incentivised as a measure, the scheme can be deemed a success, whereas
if one looks to the fraction of electrical energy generation accounted for by distributed PV, do-
mestic PV remains a relatively small proportion. In terms of paths to a smart grid capable of































the complexity involved in the reaction to policy intervention.
The investigation of domestic PV adoption in response to the FiT is interesting in itself, how-
ever it is more important when considered in the wider context of policies intended to ensure
that the UKmeets its 2050 Carbon commitments by incentivising progress along one of the out-
lined 2050 pathways. These pathways are inevitably narrow and deterministic, whereas in reality
we see a complex mix of influences leading to unexpected or emergent effects.
A very similar policy that has been implemented but has been less successful in the early
months of its implementation is the domestic Renewable Heat Incentive (RHI). Despite similar
financial rates of return and stated policy aims, the rate of installation of new systems is signifi-
cantly lower than that seen in the first year of the FiT. This indicates that financial models alone
are insufficient to understand the possible effects of an incentivisation policy.
Results from this thesis indicate that while financial incentives have been necessary to trigger
PV adoption, non-financial factors have a significant effect on the rate of adoption. In particular,
socio-psychological factors such as an adopter’s perception of their ability to have the technol-
ogy installed, the urgency of the decision and the perception of others’ behaviour can have sig-
nificant effects. These effects can manifest as a go / no-go step in the decision making process,
rather than the proportional effects based on financial incentives usually modelled in policy im-
pact assessments. Due to the non-linearity of that decision, it is useful to have models to inform
decisionmaking that can account for clustering of adopters and stochastic effects of distribution
of adopters and their socio-psychological characteristics.
9.1 ABM benefit for policy development
The model developed during this study has incorporated a range of socio-psychological influ-
ences on decision making, including but not limited to financial considerations. The use of So-
cial Cognitive Theory (SCT) in this ABM is novel and allows for exploration of the influence of a
richmixture of factors on household decisionmakingwith regard to energy technology adoption
and the effects of such adoption on the electricity supply and demand system.
The results of the model runs highlighted non-economic factors that have a large influence
on the rate of adoption. In particular, the perception of others’ behaviour has been shown to be
highly influential whether via observation (see the effect of varying neighbourhood definitions
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in Chapter 8) or via media influence (see the effect of publicised tariff changes in chapter 7 and
perception of time to rate change in chapter 8).
Alongside highlighting these important factors, the modelling has also elucidated the wide
variation in pathways thatmay occur under the same policies, with the same overall parameters,
simply due to the random variations in starting conditions coupled with interactions during the
model runs. This is to be expected in a CAS system; the benefit of the model developed is that
it can illustrate potential pathways for consideration by policy makers as well as providing likely
bounds on the pathways observed. In particular, the results reported in section 8.3.2.4 show that
observation of peers has a marked effect on themean total adoption observed and is therefore a
parameter that policy makers must consider when preparing impact assessments for policy in-
struments. However, the results also show that there remain a wide spread of potential adoption
scenarios for all parameter combinations. Particularly striking is the fact that even in ensembles
where the mean adoption rate is high, the high left skew of the output distribution across the
ensemble indicates that, due to random variations, there is the potential for adoption to remain
low.
This has implications for the use of the SCT based ABM to inform policy developments. It
is important to recognise that policy is influencing what is a complex adaptive social system as
noted in Section 2.2. Any model of the system is a simplification and for its results to be useful
they must be interpreted within this frame. Firstly, as highlighted in section 8.2.4, care must be
taken to perform sufficient runs with any parameter combination to ensure that a sufficiently
large range of pathways has been covered by the model. Secondly, results should be interpreted
as statistical distributions, with certain end states being more or less likely than others, but re-
sisting the temptation to proclaimone particular end state the likely outcome. Thirdly, itmust be
recognised that the problem of combinatorial explosion of parameter space is a particular prob-
lem in this kind of model. Judgement will inevitably be exercised in setting reasonable parame-
ters and allowing random distribution of certain characteristics through the agent population to
act as a method for exploring a range of configurations, while accepting that this will never ap-
proach the true numbers of combinations that could occur in real implementations. Judgements
made in the design of experiments conducted once the model has been implemented must be
documented as they form an intrinsic component of model interpretation. Finally, the previous
three considerations give rise to an overarching rule for interpretation. The outcomes of the ABM
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described and used in this work should in general be interpreted as relative to each other, rather
than a predictor of absolute outcomes (as noted in section 2.7)
This may seem to limit the efficacy of ABM as a tool for policy development, where the de-
sired outcome is usually a cost of implementation against a benefit. However, it can be argued
that the single number cost-benefit approach is flawed and ABM allows a wider exploration of
possible outcomes from a policy intervention that can be of great benefit to policy makers in
understanding how robust the intervention might be to errors in assumption about human be-
haviour (for instance under-estimating the perception of installation hassle, or the amount of
media attention likely to be drawn to adoption). In a complex system, this insight is invaluable.
9.2 Changes – landscape, regime or niche?
Given the significant and rapid increase in domestic PV installations, it is useful to consider the
question of whether the socio-technical regime of electrical supply and use in a domestic setting
in the UK is changing. In Subsection 2.4.2, the interpretations of the electricity supply system
landscape and regime were given, along with the smart grid as a collection of (currently) niche
developments. One such niche is the adoption of PV as investigated in this research. From the
perspective of the household, installation, operation and maintenance of a rooftop PV panel is
no longer completely unusual and has been absorbed into what constitutes normal features of a
house. Roughly 1 in 40 households now have a rooftop PV installation.
However, a radical upheaval of the supply and demand regime has not occurred, rather the
regime has evolved. FiTs have been added to the components included in the retail relationship
between domestic consumer and supplier of electricity, but the typical relationship remains one
where electrical power is purchased by households on a per-unit basis, sometimes with the ad-
dition of a generation tariff. Markets, balancing mechanisms and emergency frequency control
procedures have not yet changed in response to domestic PV installation under the FiT – do-
mestic generation is still seen simply as a reduction in demand, dealt with by the conventional
mechanisms to respond to changes in demand. PV capacity has undoubtedly increased hugely
and domestic (FiT attracting) PV accounts for 2.7GW capacity of a total (including all incentive
schemes) 7GW PV in the UK (DECC, 2015d).
Verbong and Geels (2010) find that visions of an electricity supply system dominated by dis-
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tributedgenerationand focuson local infrastructureswould involveade-alignment/re-alignment
transition. They also find that such a transition is less likely to occur and depends upon exter-
nal developments or strong policy intervention. This research supports that view - although the
ABMdeveloped suggests that continuedadoption is promptedbya combinationof adoptionand
financial incentive, even as that incentive is lessened, the regime of electricity supply system op-
eration has not de-aligned and re-aligned to a newmode of operation based on this widespread
adoption.
In the taxonomy of socio-technical transition offered by Geels and Schot (2007) (see sec-
tion 2.4.1), the FiT has not fostered a transition, rather it represents an incremental innova-
tion characteristic of regime reproduction; a new socio-technical arrangement has emerged as a
niche, but the regime has not been deposed or arrangements fundamentally changed. Wemight
refer to the niche as “empowered” cf. (Haxeltine et al., 2008), due to the number of households
now participating in the niche arrangements (i.e. generating some electricity via PV), but there
has not been wholesale restructuring or deposing of the incumbent regime. For instance, most
owners of PV panels retain a conventional pay per kWh supply contract, distribution network
infrastructure (cables, transformers) remains the same and balancing mechanisms remain cen-
tralised with the system operator retaining responsibility for them. National Grid have stated
that:
“Up to a penetration of around 10% of households or 10GW of generation, solar PV can be ac-
commodated on the systemwithoutmaking the operation of the transmission system significantly
more difficult.”
Source: (National Grid, 2012)
Such incremental innovationmay form the precursor tomore radical transition, as Geels and
Schot note in their taxonomywhen describing a sequence of transitions. They characterise such
a pathway as being initially imperceptible, but inexorably becoming more dramatic under the
“disruptive change” of the landscape. They note that
“‘Disruptive change’ is a specific kind of landscape development. Because of its slow speed,
actors initially perceive onlymoderate change. As pressure continues to build in a certaindirection,
landscape change gradually becomes more disruptive.” (
Source: Geels and Schot (2007))
In terms of the electricity transition and smart grid visions reviewed in 4.1.2 and 4.2 respec-
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tively, widespread domestic PV adoption fits most easily into the “Thousand flowers” view of
transition, which is itself congruent with the “Groundswell” vision of a smart grid. Both these vi-
sions focus on a bottom up transition to smart grid, with local balancing of supply and demand,
a focus on local infrastructure and adoption of embedded microgeneration. While this research
finds that the latter is happening to a degree, the model runs also show that adoption is poten-
tially subject to wide variation even under similar assumptions about adopter behaviour. The
model also provides some support to the view that there is a strong relationship between adop-
tion and observability of the technology. For PV this was a spur to adoption, however it does not
bode well for less observable technologies such as smart controllers or heat pumps. In addition
to the model, the spatial data analysis also suggests that areas of high adoption are far removed
from areas of high consumption - suggesting problems for visions of future scenarios that avoid
grid reinforcement costs by balancing supply and demand locally.
If the currentlymoderate landscapepressures are sustainedandbuild in intensity, wemay see
a transition along the transformation pathway, with the incumbent regime adapting – adopting
new principles and practices without fundamentally changing its configuration. This is partic-
ularly relevant as most applications of the MLP to historical transitions look at transitions that
happen over the course of several decades. Although the pressure to move to a low-carbon elec-
tricity supply system is gaining maturity, the pressure to move to a smart grid is perhaps only
10 years old. The change to a truly smart grid, with bi-directional information and energy flows
may necessitate amore radical re-structuring ofmarkets, supply chains and infrastructure. Such
radical transitions seem unlikely at this point, particularly as the political economy seems to be
transferring focus away from incentivising a low carbon, smart grid enabled, electricity supply
system.
9.2.1 Landscape changes - policy
During the course of this research, the complexity of policy development in energy systems has
been evident throughout. In addition to the changes to FiT highlighted earlier in this thesis
(Chapters 3,7), a further extraordinary review of FiT tariffs has been initiated in 2015, with a pro-
posal to reduce tariffs for domestic PV installations to only 1.63 pence per kWh (from 12p/kWh
at the time of writing and 43p/kWh initially). The ABM in this thesis could be used to examine
the potential effects of this reduction in terms of the likelihood of it reducing the number of fu-
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ture adoptions and therefore whether it will meet the stated primary objective to “control costs
effectively in a way that is consistent with the UK’s undertaking in its State Aid approval”(DECC,
2015b, para. 3.1).
This represents an interesting development from the MLP perspective. The success of the
FiT has begun to empower a niche actor – the PV owning domestic prosumer. The rise of such
a prosumer, especially if allied with adoption of technology to increase self consumption (e.g.
Immersun and competitors), could be seen as a challenge to the incumbent supplier-consumer
regime as prosumers became increasingly independent of supply from the centralised grid. The
reactionof the state canbe seen as one that is reacting against this empowerment tomaintain the
incumbent regime. There is now an explicit objective to curb the rate of adoption of domestic PV.
The necessity to justify state subsidy is cited as a reason for this, but funding for FiT is provided
via levy on all electricity customers so, while this could be viewed as a state supervised transfer
of money from all consumers to those with installed micro-generation, this is perhaps not what
most people would understand to be state subsidy.
Alongside the FiT changes, other changes have occurred in the electricity generation land-
scape. For instance, The largest generator in theUK,DRAX announced that theywould no longer
introduce Carbon Capture and Storage (CCS) at their facility (BBC, 2015). While this does not di-
rectly influence the adoptionof distributed generationor the smart grid, thewithdrawal of a large
regime actor from a large scale carbon reduction project will undoubtedly perturb the complex
system – sending a signal that carbon reduction is not financially viable nor a commercial prior-
ity while at the same time increasing the necessity for a smart grid to utilise local small scale for
carbon reduction in tandemwith reasonable prices for consumers.
Ofgem note the increase of embedded generation as a reduction in peak demand on the na-
tional transmission level (note that this includes domestic microgeneration, but also significant
amounts of commercial embedded generation):
“In ourCapacity Assessment 2014, we identified that the risks to security of supplywere increas-
ing up to 2015/16 as a result of plant closures. Since we published our 2014 report, more plant have
exited or announced their intention to exit the market permanently or temporarily. This has been
partly offset by a reduction in peak demand at the national transmission network level since last
year: National Grid believes this is mainly due to increased contribution from embedded genera-
tion (seen as negative demand by National Grid at the transmission level) .”
185
Source: (Ofgem, 2015)
Rather late in theFiT life cycle, theunintended effects of tariffdegressionhas been recognised
by government. In the impact assessment for the latest consultation on FiT review, it is noted
that:
“Given that pre-accreditation spikes have remained high over time, particularly for hydro, it
suggests that the tariff reductions are insufficient to manage deployment and spending, as was
intended within the 2012 review.”
Source: DECC (2015b, para. 1.7)
Finally, following the completion of the EMR, Contracts for Difference (CfD) are intended to
be themain instrument to encourage installation of further renewable energy installation. At the
present time, it is not clear how smart grid technology will be incentivised within the CfD frame-
work, but it seems clear that the pressure in the political landscape is to move away from the FiT
at this point. In summary, the policy changes enacted during the course of this research, along
with the proposed changes at the time of writing, indicate that a reconfiguration of the electricity
supply system to a smart grid based on local embedded generation remains at a distance, if it is
to happen at all.
9.3 Complexity
The pathways developed by both policy makers and researchers to illustrate possible evolutions
of the current electricity supply system to a smart grid and the energy system to meet 2050 Car-
bon emissions targets are presented as archetypes and can appear simplistic. For instance, Shove
andWalker (2014) criticise the 2050 pathways in strong terms, arguing that they “...fail to engage
in anymeaningful way with the basic dynamics of demand. Instead, the strategy is to take present
practices entirely for granted...”. The critique is founded upon the fact that the pathways focus on
technological and resource changes over time and fail to consider the social aspects (in the case
of this particular critique, social practices) that shape the use of the energy system. The authors
postulate that it is “difficult, and perhaps impossible, to predict how social practices will change”.
The danger from this line of argument is that it could lead to a positionwhere no policy interven-
tion toward desired goals is undertaken, because it is impossible to understand the outcomes of
a policy within such a complex system.
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The systems that the pathways describe are complex and thenumber of interactions thatmay
occur both within the system and between the system and its context is large. In this situation, it
is useful to prepare pathways that show broad spectra of possible outcomes, rather than outline
a set of paths that seem discrete and pre-determined. This is a lesson that, for example, climate
modellers have had to learn, as theirmodels have been taken anduseddeterministically to shape
policy, only to suffer formcontinual attackwhen their precise outcomes donot occur. The task of
presenting stochasticmodels and ranges of possible outcomes with associated likelihoods is not
an easy one. However, it is necessary if we are to produce policy to reduce carbon emissions via a
smart grid that are robust to changes in global political economy as well as people’s preferences
within the UK.
This researchhas contributedamodel (andcontributed towardamethodology) that supports
a probabilistic development and understanding of pathways toward a less carbon intensive en-
ergy system. The advantage of the model presented is that it allows for explicit consideration of
the socio-psychological characteristics of actors within the energy system when designing pol-
icy intended to change their behaviour. It cannot be argued to eliminate all assumptions about
which practices will remain in a low carbon future. Nor can it be argued to capture the full diver-
sity of how actorsmay interact or behave in response to a policy. However, it can give insight into
possible pathways that may be followed by both individuals and the system in aggregate under
certain policy incentives. This is useful to policy makers as it can aid understanding of how the
same policy may fail or over achieve in its objectives, depending upon random distributions of
characteristics within a simulated population. This in turn can be used to investigate a policy’s
sensitivity to various factors of interest to the policy maker at design time.
9.4 Applicability of themodel
The ABM developed has been shown to be a suitable method to explore potential reactions to
policy to incentivise adoptions toward a lower carbon, smart energy system. Themethod avoids
some of the need for expensive and risky trials, whilst providing the opportunity to incorporate
data from such trials or from country-wide observations. Using the quantitative modelling and
data analysis results in conjunctionwith qualitative analysis within a transitions framework gave
insight into the implications of the modelling in terms of qualitative system change. This indi-
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cates that such an integrative method is more suitable to assessing potential effects of incentivi-
sation policy than othermethods such as a conventional economic approach, or a pure sociolog-
ical or psychological method. This use of quantitative methods (computational modelling and
adoption data analysis) in conjunction with qualitative analysis of policy and modelling results
has proved to be useful in this context. Recently, Turnheim et al. (2015) have advocated the use of
a similarworkflow to study (in theirwords “Bridging analytical approaches”) to study sustainabil-
ity transitions, combining quantitative systemsmodelling and socio-technical transition studies
as in this research with initiative-based learning - a grouping that they acknowledge to be some-
what loose, but by which they mean study via the observation of local initiatives to understand
the motivations of relevant actor in enacting system change.
The benefit of hybrid methodology is clear: policy making can benefit from models to gen-
eralise the findings from small scale experiments to system wide effects, or from large scale ag-
gregate data to potential local effects, however it is prohibitively expensive to test initiatives to
change very large infrastructure systems on the whole system. A hybrid method, which can take
data and insight at multiple scales, model the system informed by that data and then provide
analysis of potential initiatives topolicymakerswith anappropriatemixof quantitative andqual-
itative interpretation, is invaluable. ABM used as presented in this research offers that potential,
allowing prior findings from psychology and studies of sustainable technology adoption to be
incorporated into a model that is informed by national scale adoption, geographic and weather
data. Socio-technical transition theory (in this case the MLP in particular) then offers a useful
framework within which to judge whether a given intervention is likely to make changes to the
system as a whole.
The research and methods presented in this thesis have proved effective in gaining insight
into the reasons for the observed behaviour under the FiT, as well as exploring whether some of
the unexpected developments could have been foreseenwith appropriatemodelling. Themodel
results demonstrate that observedbehaviourwaswithin thepatterns that couldhavebeen shown
to be plausible by an appropriate model such as the one developed within this work. Method-
ologically, the work adds support to the argument for the use of social psychological models to
inform ABM decision making.
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9.4.1 Limitations and generality
The work presented in this thesis inevitably has some limitations. The most telling limitation
has been practical, time has not allowed for a greater range of parameter combinations to be
explored. This is a limitation that will often be encountered when using an ABM with a focus
on description rather than simplicity. The range of parameter combinations becomes extremely
large, such that a full exploration of the entire parameter space would always be impractical and
will often be limited by time or computational resources. To ameliorate the effect of this limita-
tion, judgement has to be exercised as to interesting parameters to vary and interesting ranges
within which to vary them. That has been done in this research and has led to the learning de-
scribed earlier in this chapter. To some degree, any model can be said to exhibit this problem in
that it can only describe the phenomena for which it has been designed and parameterised. The
infamous quote that “all models are wrong, but some are useful”1 (Box and Draper, 1987, p.424)
applies just as well to a parsimonious rational economic model as it does to the ABM developed
here, although the limitations of the state space here are perhaps more explicitly displayed.
This in turn relates to the use cases for such ABMs. This type of ABM can incorporate so-
cial phenomena in a way that is not possible for the economic models so often used in policy-
making and impact assessment. Howevever, as set out in section 2.7, it does indicate that this
class ofmodel ismost useful for informing qualitative decisionmaking andunderstanding about
potentially significant factors within the adoption of technology. It is clear that the economic
models used in the FiT impact assessment failed to capture the potential for somewhat faster
than expected adoption in conditions where PV prices were falling, the tariff was generous. The
model produced here could have shown that such a scenario was possible with certain configu-
rations of early adopters and observers and that the adoption prior to early 2011 seenwas within
the bounds of what could have been reasonably expected. It is even more clear that the policy-
making response to the perceived over adoption failed to anticipate the magnitude of adoption
that would be stimulated by the early retrenchment in tariff, pushing the adoption curve onto a
far higher trajectory. Qualitatively, the ABM produced here could have simulated that effect and
given a range of outcomes depending on the modellers view of how strong that effect would be.
This would still leave the policy-maker to exercise judgement, but with some insight from the




A further limitation is spatial extent. Although this model pushes toward spatial realism and
incorporates a fairly large number of agents, adding another order of magnitude (or two) to the
model in order to simulate sizable portions of the UK population at large would be infeasible if
the temporal resolutionwas to remain the same. It would be possible to downgrade the temporal
resolution (currently it uses the CASCADE standard half-hourly time tick in order to allowmon-
itoring of demand profiles alongside other parameters), but even this would only be useful to a
certain point and would lose some richness within the result set.
The ABM developed requires a large amount of data collection and analysis to inform its pa-
rameterisation, as well as to inform analysis of the outcomes it produces. This raises questions
about its generality. In terms of the basic adoption model developed, an SCT decision model
could be applied to other technologies. An amount of researchwould have to be done tomap rel-
evant data to the constructs identified and to gather information about those parameters, as has
beendemonstrated for thecaseofPV in thiswork. Inaddition, given the spatial extent constraints
mentioned, additional techniques would be needed to understand the differences inmagnitude
between spatial units - even if the spatial unit adopted has been shown to be of the right size and
representative of the country at large as was the case here (section 7.7).
9.5 Summary
The ABMdeveloped has shown the capability tomodel the effect of some elements of behaviour
and learning of domestic consumers on adoptionof PV systems, in away that cannot be achieved
by standard aggregate adoptionmodels, or the economicmodels conventionally used in impact
assessment for policy instruments (such as those described in Chapter 3). When an ensemble
of ABM simulations is run, the results are an output distribution for a given parameter combi-
nation. This gives an indication of the distribution of potential outcomes, created from the bot-
tom up. The use of distributions such as these rather than the single numbers (sometimes with
normalised error margins) to inform policy making is useful. In addition, the ABM runs yield
data which allow for examination of particular runs, which may be outliers, to gain insight into
particular pathways where policy instruments encourage far lesser (or greater) adoption than
economic models would predict. The modelling method has limitations, in terms of the param-
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eter space and spatial extent which can be explored, but nonetheless provides extra insight into
the potential effects of a policy intervention. The ABM developed here has the potential to allow
for more technology types or agent parameters to be added, without fundamental changes to its
algorithms.
In combination with data analysis, the approach gives a rich picture of the mechanisms of
adoption and the potential for the adoption to become normalised in society. In the case of PV,
the model shows that the social influences of observation and reaction to policy changes have
contributed to the observed widespread adoption, alongside economic incentives. Many runs
within the model ensembles show adoption continuing to rise after tariff cuts as observation
continues, which is congruentwith real world observations. This can inform studies of transition
in the electricity supply system, particularlywhile such a transitionmaybeongoing, as is the case
with the UK’s potential transition to a smart grid.
The model gains more power when combined with policy and data analysis. Data analysis
shows that PV system ownership has become somewhat commonplace, with 2.5% of UK house-
holds now having registered PV on their rooftops. However, the spatial analysis tool developed
andused in this thesis shows thedistributionof those systems across the country tobe somewhat
static andpotentially problematic for visions of a smart grid. Inparticular, it demonstrates clearly
that the centres of high consumption (the large cities) have a very low proportion of microgen-
eration adoption, which makes it hard for visions of locally balanced smart grids limiting loads
on infrastructure to become reality. Analysis of the statements of grid operators alongside pol-
icy indicate that microgeneration adoption has been accommodated within the normal regime
of operation. In MLP terms, policy and weight of numbers owning PV may be applying grad-
ual landscape pressure and the niche gaining power, but it is hard to say with any certainty that
a transition is under way. Observations about the geographical positioning of microgeneration
and policy statements are contra-indicators that a transition toward a smart grid with localised
generation balancing demand to limit load on the grid is about to occur. Policy developments in
2015 may indicate that the business as usual hierarchical regime is reacting as policy incentives
for localisedmicrogeneration are removed and large scale projects such as nuclear power station
building are given the green light.
Finally - the spread of outcomes produced by the ABMevenwithin the same parameter com-
binations indicate the care that must be taken to acknowledge the complexity and adaptive na-
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ture of the system under consideration. Themodel results should be interpreted as distributions
and the relative results for parameter combinations analysed, rather than absolute levels.
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Chapter10
Conclusions and further work
The aimof this studywas to investigate the question “what effect does the behaviour and learning
of domestic consumers with respect to technology adoption have on potential transition to a smart
grid?”. A better understanding of such effectswould be of great utility to policy-makers designing
policy instruments to promote transition to a smart grid. This PhD study has contributed results
that should improve understanding in particular of how the policy landscape, local conditions
and individual actions reciprocally influence each other when considering technology adoption
as part of such a transition.
The literature reviewed indicated that the adoption of technology had a significant and long
lasting effect on consumption patterns as compared to behaviour change alone, even where be-
haviour change was motivated by variable (or smart) tariffs (section 4.4). In consideration of
this, consumer behaviour and learning applied to technology adoption as opposed to direct be-
haviour changewas considered. Tounderstand themechanismsand factors affecting technology
adoption in a smart grid context, PV was used as a case study technology. PV is considered to be
a representative smart grid technology as smart grid visions all incorporate distributed renew-
able generation. It has the added advantage for study of having substantial adoption and data
available. It is envisaged that insight from this case study can be generalised and used to un-
derstand the potential patterns of adoption for other technologies affecting proposed smart grid
scenarios.
The policy review showed a complex web of policy that affects the transition to a smart grid
in the UK, ranging in scale from EU-wide targets to obligations on local areas and with objec-
tives based on any combinations of the three components of the energy trilemma (section 1.2) –
security of supply, affordability or environmental sustainability. These policies form part of the
socio-technical landscape for the electricity supply system and a potential transition to a smart
grid. During this research, the main policy affecting the domestic PV adoption used as a case
193
study (the FiT) has changed quite radically. In addition, the energy policy landscape and polit-
ical economy more generally has changed. The effect and interpretation of these changes are
discussed below (section 10.1).
The data analysis undertaken showed that the uptake of PVunder the FiT followed a path that
was at the higher end of expectations. The data analysis demonstrated that interventions to limit
that growth had two effects
1. In the short term – the announcements of changes to an attractive incentive scheme and
the associated media interest caused rapid increases in adoption. This, in turn, increased
the strength of social influence to further increase adoption.
2. In the longer term, the rate of adoption settled into a broadly linear pattern (Figure 9.1),
but on a higher trajectory of adoption.
The pattern of adoption, particularly the spatial and temporal clustering, indicate that fac-
tors other than rational economic decision making were important and should be included in a
model of adoption that sought to explain thepatterns observed. Considerationof the effect of so-
cial learning via observation as performed using themodel developed in this study indicate that
the present rate of adoptionmay have been reached with less severe interventions – for example
by following the pre-determined degression.
In addition, the data analysis showed that adoption could not be adequately modelled as a
simple function of demographic variables which might, prima facie, be expected to explain the
adoption, for instance the local density of population, indices ofmultiple deprivation or fraction
of owner occupiers. While these variables did correlate to somedegreewith differences observed
between localities (section 7.6), they could not explain the temporal evolution of adoption pat-
terns either within or between localities.
Thedata analysis tool developed to visualise andanalyse the evolutionof spatial distributions
over time has proven to be powerful (e.g. section 7.2.3). In the case of PV it clearly demonstrated
that the spatial distribution of PV installations remained similar over time, although the abso-
lute magnitude was subject to spikes at particular times. This highlights both the importance
of physical landscape factors (the South West has persisted in being a high installation area and
is also the area of the UK with the highest insolation) as well as the importance of “seeding” in
technology adoption (those places with relatively high adoption at the commencement of FiT
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remained so - even where locations may not have appeared to be prime locations for PV due to
insolation. The apparent stability of the spatial distribution of adoption has important implica-
tions for visionsof smart grid futures. Theareasof high consumption, suchas large conurbations,
also show low adoption of microgeneration. This implies that visions of highly distributed gen-
erationwith localised infrastructure balancing supply and demand tominimise the load on, and
expansion cost of, the grid at large will be hard to achieve even with the widespread PV adoption
experienced under the FiT.
A final conclusion of the spatial data analysis was that adoption patterns in 95% of postcode
district followed the same pattern as the national adoption pattern (section 7.7). This analysis
gave a quantitative basis for deciding that postcode districts were the appropriate spatial scale
for representative modelling.
This work has introduced a new model of PV diffusion, an ABM based on the CASCADE1
framework. This model has allowed exploration of a complex mix of influences on the rate of
adoption of PV at the Postcode District level. The process of model development required iden-
tification of influential human behaviours in terms of their contribution to a smart grid and de-
velopment of a method to encode them in an ABM. The model made use of Social Cognitive
Theory (SCT) as the basis for a decision making algorithm for households. This is a new basis
for decision making in an ABM and has been shown to be suitable for modelling PV adoption.
The SCTmodel is useful for modelling human agents in a situation where decisions must be re-
peatedly evaluated in the context of personal characteristics, social influences (e.g. observation
of others’ adoption) and changing policy (socio-structural factors). Methodologically, the ABM
supports the use of well-established social psychological theories as the basis for modelled de-
cision making.
Use of themodel has given new insight into the explanation of observed PV adoption, in par-
ticular the effects of the vicarious observation on adoption rates in combination with endoge-
nous characteristics. It was found that both the breadth of vicarious observation undertaken
(radius of observation in thismodel) and the heterogeneity in this characteristic were significant
in the modelled uptake.
Focusing on the LE2 postcode district as the simulation area, the observed adoption under
FiT was within the bounds of simulated adoption using the ABM developed in this PhD. This is
1Development of the model employed within this research formed a significant contribution to the CASCADE
framework for modelling the UK electricity supply system.
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in contrast to the purely economic scenarios used in the FiT impact assessment, where observed
adoption exceeded the highest expected rates. Cutting the FiT actually increased the adoption
rate in the short term, an effect the model presented here could capture (section 8.3.1). The ob-
served effect of that was to push the adoption curve onto a higher trajectory - something that the
developedmodel could also simulate as it accounts for the impact of higher observed adoptions
on future adoption behaviour.
The modelling work showed that, although the observed domestic PV adoption under FiT
was at the higher end of plausible adoption outcomes, the model developed over the course of
this research could have shown that to be a possibility, illustrating the potential utility of the
developed model for policy-makers.
The modelling method combined a decision model based on psychological theory with the
use of real-world geography in a spatially explicit ABM of product diffusion. This builds on prior
work using similar techniques (Zhang, 2011; Zhang andNuttall, 2011; Robinson et al., 2013, e.g.),
introducing the use of Social Cognitive Theory as the psychological basis. Themodel been found
to be effective when modelling adoption which relies on vicarious observation as it inherently
accounts for lessened observation in sparsely populated areas.
10.1 A transition in the complex electricity supply system?
The data analysis conducted in this study shows that there has been a significant increase in the
ownership of domestic PV between the start of the FiT policy and mid 2015. It further shows
that the pattern of adoption across time cannot be fully accounted for by gross demographic
variables. Social Cognitive Theory (SCT) has proven to be a useful model to bring social, eco-
nomic and individual factors together into a decision making algorithm within an ABM. The
modelling work demonstrates that perception of decision urgency (outcome expectation) based
on a change in socio-structural factors (the FiT review) has a significant impact on the temporal
pattern of adoption and that the level and heterogeneity of vicarious observation in the popu-
lation (the perception of others’ behaviour) has an effect on both the spatial distribution and
absolute level of adoption. This indicates that models taking explicit account of such social fac-
tors have utility in modelling the range of likely outcomes for given policy interventions.
The data analysis show the substantial effect of behaviour and learning in domestic con-
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sumers with respect to technology adoption, while the model developed provides some insight
into the mechanisms involved in creating that effect, as well as providing a rich environment to
test those insights and assumptions regarding adopter behaviour. The secondary clause of the
research question dealt with the context of the transition to a smart grid. While still a niche, it
is plain that the PV owning niche has grown in number – nearly 2.5% of the households in the
UK are PV owners. However, this does not mean that the regime of electricity supply has been
deposed, still less that the system has transitioned, or has even begun a transition, to a smart
grid. National Grid, the system operator, still views domestic PV generation as simply a lack of
demand within the incumbent operating regime (National Grid, 2012) and the government is
moving to lessen the incentive for more households to join the PV owning niche (DECC, 2015c).
The modelling work undertaken here shows that the impact of PV generation as a proportion of
domestic demand remains niche.
As discussed in section 9.2, the rise in domestic PV generation does not obviously herald a
transition to a smart grid at the time of writing. Currently the data analysis and modelling show
that while domestic PV adoption has increased dramatically, generation is modest, whilst the
policy analysis shows the regime to be in a dynamic equilibrium, reproducing the same modes
of operation albeit accommodating a greater amount of domestic microgeneration. However,
referring back to the typology of transitions proposed under the MLP (sections 2.4.1 & 9.2) it is
possible that we observe the early stages of a sequence of transitions which may lead to such an
outcome. Such a sequence is characteristically hard to detect initially. There is some indication
that the growth in domestic PV adoption has led to an increased appetite for (smart) devices to
displace demand in the household in order to increase domestic self consumption. Such devel-
opments could provide fertile ground for further work using the developedmodel (section 10.4)
andmay be the seeds of a transition towards a “Thousand flowers” pathway towards a smart grid
as described in section 4.1.2.
10.2 Policy impacts
As well as developing and implementing amodelling approach that could inform policy-makers
by projecting the effect of policy instruments explicitly considering non-financial factors, this
research makes a contribution to the academic debate on energy policy. The data analysed and
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modelling undertaken showed that the FiT certainly incentivised the adoption of one technol-
ogy required for a transition to a smart grid, but that the effects are not easily predictable, nor are
they intuitive. Anexampleof this is theobserved “spikes” indomestic PVadoption (section7.2.2).
The research indicates that policy makers should bemindful of the urgency perceived by poten-
tial adopters and observation when designing policy to incentivise adoption as part of a smart
grid transition. The model demonstration that heterogeneity in observation increases adoption
without an increase in average observation is useful; it couldmean that ensuring that adoption is
observable, even to a few potential adopters spread throughout the population, is a worthwhile
goal for those wishing to increase adoption overall.
The research has found that the factors influencing adoption of technology over the popula-
tion of households are manifold and interact in complex, sometimes subtle, ways. Many studies
of technology adoption have focused on the rational economic behaviour of adopters, but the
analysis and modelling undertaken in this research has demonstrated the significant influence
of non-economic factors. In section 8.3.2.4 we see that both the amount and heterogeneity of
observation can have a very large effect, changing average adoption between 0.03% and 40% at
the extremes tested. This implies that assumptions by policy makers on the amount of obser-
vation associated with adoption is very important and should be explicitly considered within
the design of policy intended to incentivise adoption. The model developed has the capability
to model these factors and has shown their influence when running scenarios where only the
non-financial parameters were varied. The ABM also demonstrates that the variety of possible
outcomes from a single parameterisation - supporting the case for using distributions as model
outputs rather than single numbers as is typically the case for economic scenario models.
The ABM model developed demonstrates that ABM can provide a testbed to more easily
encode the complex interacting factors that determine reaction to a policy instrument. Such
a testbed then facilitates scenario generation with multiple parameter combinations, allowing
multiple policy designs to be quickly simulated as well as exploring assumptions around house-
hold or individual characteristics. This work explored in detail the implicit assumption of how
widelypotential adoptersobservedother adopterswhenmakinganadoptiondecisionandshowed
it to be a crucial factor in decision making which, while acknowledged in policy design, was not
evaluated. This factor is important in PV adoption, however other assumptions can be tested
in this way - as could different policy designs such as capital subsidy for installation or different
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tariff levels.
This capability would be of use to policy-makers both in the policy design stage and when
attempting to predict the effect of interventions changing policy (such as the extraordinary re-
views of the FiT). The ABMmethodology allows assimilation of knowledge from various sources.
As shown in this study, empirical data from individual households can be used to determine ap-
propriate decision models, while national scale data can be used to parameterise the context in
which agents operate. Asmentioned in the chapter 1, ABM is perhapsmore useful in identifying
scenarios that are very unlikely to emerge and offering a range thatmight than predicting exactly
which one will. Use of ABMwill require policy-makers to embrace this form ofmodelling, where
outputs can be likelihood distributions, rather than a single hard outcome per policy. There is
some evidence in more recent development of similar policy (for instance the renewable heat
incentive in the UK) that the necessity for this is at least acknowledged.
Finally, the model developed offers policy-makers a methodology to scale small empirical
studies to nationwide systems. Most studies of the psychological factors influencing adoption
behaviour specifically in the domestic electricity sector are small scale, a psychology study with
N=300 would be considered large scale, however there are 23 million households in the UK and,
for domestic agents to have large impact and become significant in a transition to a smart grid,
large sections of this population must adopt technology. The ABMmodel and methodology de-
veloped in this work provides a tool which can take the results from the small scale studies and
encode the parameters found to be significant from those. The model can then be used to per-
form simulations onmuch larger synthetic populations endowedwith a realistic decisionmodel,
but in which the parameters can be varied to test the effect of potential differences, such as re-
gional characteristics or assumptions about relative influence of, for instance, economic and so-
cial factors. This is an advance on most previous models, which have been limited to a small
number of economic scenarios. The ability to include social factors in policy models is inherent
to the model described in this work and gives the ability to test policy intervention with a range




The research suggests a number of concrete recommendations for policy makers:
1. Data analysis (Chapter 7), prior literature (Balcombe et al., 2015; Jager, 2006; Consumer
Focus, 2012, e.g) and model results (Chapter 8) show that it is essential that influences on
domestic adopters beyond their rational economic response are considered at policy de-
sign time. The research suggests that non-financial factors are important in the decision
to adopt and should be researched at policy design time and incorporated into impact as-
sessment.
2. Policy makers could commission Agent-based models of technology adoption when de-
signing policies to incentivise those. The model developed for this research, using Social
Cognitive Theory as the basis for decision making has been shown to have utility in mod-
elling the spread of adoption scenarios possible under a given policy and could be used by
policy makers.
3. When assessing the impact of policies to incentivise technology adoption in future smart
electricity networks, it is important that policymakers consider the distribution of possible
outcomes in response to a given set of policy parameters, rather than a single number,
which might represent an average or expected outcome.
4. When considering the change of incentive over time, the range of adoption rates that could
be reasonablypredictedatdesign timeshouldbeconsideredandmechanisms implemented
that can alter the incentive without delivering undue “shocks” to the system.
5. In considering the impact of policies in terms of its contribution towards a future smart
grid, policy makers should consider the spatial and temporal distribution of adoption in
addition to the overall numbers adopted. If a policy objective is adoption at particular rates
in particular regions, consideration should be given to locally differentiated incentives.
10.4 Further work
The tools and techniques developed over the course of this research are suitable for further use.
Below are a number of questions which would be appropriate for further work, but which time
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and resources meant were excluded from the scope of the research.
1. This work contributes research towards an understanding of the adoption of low carbon
technologies in the context of a transition to a smart grid. An interesting further topic for
research is the interplay between adoption of different technologies, only touched upon in
this study. As many technologies become mainstream (for instance, heat pumps, electric
vehicles, domestic storage) these effects may become more significant and would merit
further investigation.
2. Themodelling effort in this research has used the assumption that installation firm capac-
ity is infinite and can grow at infinite rate. It also takes no account of the availability (or
change in availability) of installation services on the rate of technology adoption. These
factors would form the basis of an interesting study and could further inform policy de-
signed to accelerate adoption of any combination of technologies.
3. The tool to study spatial distributions over time has been used to examine PV adoption,
however it has the capability to visualise any variable plotted across space and time. The
examination of weekly, seasonal and annual variations in spatial distributions of, for in-
stance, consumption or embedded generationwould provide an interesting area of further
study.
4. A large scale empirical study (or studies) could be used to informmodels of agent decision
making with fewer assumptions than have been necessary in the course of this research.
Thiswould require substantial funding, or collaborationwitha largeorganisationwith such
funding.
5. Extension beyond domestic agents. An interesting and fertile area for further study is the
introduction of larger scale (community, commercial and industrial) agentswith the ability
to adopt in a similar fashion to the domestic agents modelled here.
6. Heterogeneousdecisionmodels. This researchhasusedheterogeneous agents, in that they
have awide spread of parameters in various areas. However, agents representing real world
entities of a similar type (e.g. households) have not been given entirely different decision
models. It would be useful to extend the study to mix, for instance, a number of purely
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rational decision makers with entirely network influenced decision makers, alongside the
SCT decision makers modelled in this work.
7. Adoption of practices and contracts - as well as adopting technology, a transition to smart
grid requires that householders participate in new styles of contract and use the electricity
system differently. There is potential for models similar to the one used in this research to
give insight into the potential for adoption of such contracts and use behaviours.
10.5 Summary
The research presented in this thesis has shown the benefits of a new ABM utilising a decision
making algorithm based on Social Cognitive Theory to model the adoption of PV in the UK. Ap-
plying insight from thequantitative results to thewider context of policies designed to incentivise
technology adoption in a future smart grid has yielded practical recommendations for policy
makers to use the results of such models during policy design. These contributions constitute
a step towards greater understanding of pathways to a smart grid; further work to build on this
research has been suggested, some of which the author looks forward to tackling!
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SQL used in data analysis
B.1 Get statistics for FiT uptake
1 SELECT technology_type ,count(fit_id)
2 FROM fit_installations_30_Jun_2013
3 GROUP BY technology_type
B.2 Get FiT database available fields
1 SHOW columns FROM fit_installations
B.3 Get duplicated FiT IDs
1 SELECT fit_id , f_count
2 FROM (SELECT fit_id ,count(fit_id) as f_count
3 from fit_installations_30_Jun_2013
4 group by fit_id) as mFit
5 WHERE f_count > 1
B.4 Get rows affected by duplicate FiT ID
1 SELECT fit_installations_30_Jun_2013 .*
2 FROM fit_installations_30_Jun_2013 , (SELECT fit_id , f_count
3 FROM SELECT fit_id ,count(fit_id) as f_count from
4 fit_installations_30_Jun_2013 group by fit_id) as mFit where
5 f_count > 1) as multi_fit_id
6 WHERE fit_installations_30_Jun_2013.fit_id = multi_fit_id.fit_id
B.5 Find installs with declared capacity less than installed capacity
1 SELECT * FROM fit_installations_30_Jun_2013
2 WHERE (fit_installations_30_Jun_2013.installed_capacity_kw
3 - fit_installations_30_Jun_2013.declared_net_capacity_kw) > 0
4 and technology_type = "Photovoltaic"
B.6 Find installations that disappear between data releases
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1 SELECT * FROM (select fit_installations .*,
2 fit_installations_30_Jun_2013.fit_id as newer_fitid
3 FROM fit_installations
4 LEFT OUTER JOIN
5 fit_installations_30_Jun_2013 on fit_installations.fit_id
6 = fit_installations_30_Jun_2013.fit_id and
7 fit_installations.commissioned_date
8 = fit_installations_30_Jun_2013.commissioned_date) as q1
9 WHERE q1.newer_fitid is null




4 WHERE technology_type="Photovoltaic" group by installation_type




4 WHERE fit_installations_30_Jun_2013.commissioned_date < date("2010 -04 -01")
5 GROUP BY fit_installations_30_Jun_2013.llsoa_code
[Todo: Check all SQL from data chapter endnotes added here]
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AppendixC
Code used in data analysis















15 def getPairs(myList ):
16 listLen = len(myList)
17 retList = []
18 for i in xrange(len(myList ),0,-1):
19 n=myList[i-1]
20 for j in xrange(i,0,-1):
21 if myList[j-1] < n:
22 retList += [i-1,j-1]
23 return retList
24
25 def OPA_analyse(predictions ,observations ):
26 numPairs = len(predictions )/2
27 hits = 0
28 ties = 0
29 misses = 0
30 NAs = 0
31 for test in xrange(numPairs ):
32 a=predictions[test+test]
33 b=predictions[test+test +1]
34 if observations[a] in {"NA",""} or observations[b] in {"NA",""}:
35 NAs +=1
36 elif observations[a] > observations[b]:
37 hits +=1
38 elif observations[a] == observations[b]:
39 ties +=1
40 elif observations[a] < observations[b]:
41 misses +=1
42











53 def OPA_display(statSet ):
54 if statSet [0]+ statSet [1] == 0:
55 PM = None
56 IOF = None
57 else:
58 PM = statSet [0]*1.0/( statSet [0]+ statSet [1])
59 IOF = PM+PM -1
60
61 print "Matches\t:",statSet [0]
62 print "MisMatches\t:",statSet [1]






69 def bootstrapResample(myList ,n=None):
70 l=len(myList)
71 if not n:
72 n=l
73 res =[]











85 fnotSame = open ("PCode_OPA_overP.csv",’w’)









95 preds = getPairs(l)
96 simLabel=label
97 #print preds
98 firstLine = False
99 else:
100 stats=OPA_analyse(preds ,l)




105 if nSample > 0:
106 for i in xrange(nSample ):
107 r = random.sample(l,len(l))#bootstrapResample(l)
108 nStat = OPA_analyse(preds ,r)
109 if nStat [0] >= stats [0]:
110 exceeds +=1
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111 p=exceeds *1.0 / nSample
112 print "P(Number␣of␣matches␣>=␣obtained␣matches)␣=",p




C.2 Python code for calculation of mean sd and skew of simulation output distributions
1 import pandas as pd
2 from os import listdir
3 import re
4
5 #Note that this uses the bias_factor , but is probably irrelevant as very near zero for N = 200
6 def fisher_pearson(data , ybar , sample_sd ):
7 N = len(data)
8 #for skewness - the sd should be calculated using n rather than n-1 sort
9 #so turn the sample sd into a population one
10 sd = ((N-1) * sample_sd )/ N
11 sum_term = 0
12 for y in data:
13 sum_term +=(y-ybar )**3
14 print sum_term
15 sum_term = sum_term / N
16
17 bias_multiplier = ((N*1.0)*(N -1))**0.5 / (N-1)
18 print bias_multiplier
19 print "returning",bias_multiplier * sum_term / (sd**3)
20 return bias_multiplier * sum_term / (sd**3)
21
22 def standard_dev(data , ybar):
23 sum_term = 0
24 for y in data:
25 sum_term += (y - ybar )**2
26 return (sum_term / (len(data ) -1))**0.5
27
28 files = [f for f in listdir(’.’) if ’csv’ in f]
29





35 for f in files:
36 m = re.match(r"compiled_mean_ (.+) var_ (.+). csv", f)
37 mu , sigma = m.group(1),m.group (2)
38 mu , sigma = float(mu), float(sigma)
39 lastrow = None
40
41 with open(f) as csvfile:
42 for row in csvfile:
43 lastrow = row
44 lastrow = lastrow.strip (). split(’,’)[:-1] #Hack to remove empty cell at end
45 lastrow = map(float ,lastrow)
46
47 mean = sum(lastrow) / len(lastrow)
48 sd = standard_dev(lastrow , mean)
49 skew = fisher_pearson(lastrow , mean , sd)
50
51 all_results.loc[i] = [mu,sigma ,mean ,sd,skew]
52 i+=1
53
54 print all_results
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